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Abstract 

Process monitoring has proven to be essential in manufacturing fields, where quality and precision are paramount. 

The introduction of AM techniques has enabled the production of complex parts but has also increased the complexity 

of manufacturing systems. This has led to the demand for monitoring systems able to provide significant information 

about the process while it is running as well as give real-time insights to detect and prevent, when possible, process 

anomalies. Reliable monitoring systems provide a window into the process dynamics, allowing for process parameters 

adjustment that could maintain product quality and reduce waste of materials and energy. Despite the numerous 

advantages introduced by monitoring systems, widespread traditional solutions remain limited, prompting significant 

effort from researchers and industries in this direction. This thesis addresses the current critical gaps in terms of 

monitoring purposes by proposing innovative and cost-effective in-situ optical-based monitoring methodologies for 

three key AM processes: Material Extrusion Additive Manufacturing, Laser Powder Bed Fusion and Direct Energy 

Deposition. Material Extrusion showed to be lacking adequate metrics able to describe the process, together with the 

absence of solutions exploiting profilometers as monitoring sensors. The monitoring activities on L-PBF were driven 

by the lack of robust monitoring systems able to characterize lattice structures. Finally, the monitoring activities on L-

DED were led by the current absence of real-time monitoring system capable of monitoring more than one direction, 

since the majority of the system focused on single direction thin wall monitoring. First, two layerwise monitoring 

approaches for MEX, based on a high-resolution blue laser line profilometer embedded within a consumer grade MEX 

printer, were presented to characterize the surface quality, to detect defect occurrence layer-by-layer and to expand the 

metrology field related to the MEX process, which is currently lacking, by proposing new metrics. The three proposed 

quality indexes (ADLH, RAD and slope s) proven to be representative of the layer height accuracy, the occurrence and 

distribution of surface defects, such as over/under-fill, and, also, the process stability respectively. In the second 

approach, functional analysis tools were successfully used to detect, localize, and characterize the topology of common 

surface defects caused by over-extrusion and under-extrusion conditions. An optical-based monitoring procedure was 

also developed and applied for layerwise in-situ monitoring of complex geometries produced by L-PBF through a 

tailor-made image processing algorithm. Based on High-Resolution Optical Tomography (HR-OT), this procedure 

effectively detected geometric distortions and, at the end of the process, provided a 3D reconstruction of the 

lightweight structure suitable for post-process quality assessment. Finally, a preliminary study on a cost-effective off-

axis dual-camera real-time 3D monitoring method for L-DED process was conducted. The aim was to enable a reliable 

measure of the melt pool height regardless of the laser head scanning direction. Results showed that the proposed 

methodology was able to provide acceptable melt pool height measures for all the scanning direction tests. By 

introducing robust process signatures and defect metrics, this work significantly advances the metrology of AM 

processes. The comprehensive monitoring methodologies developed during the research activities not only improve 

in-process quality evaluation and process stability but also pave the way for real-time, closed-loop corrective actions. 
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Nomenclature 

AM  Additive Manufacturing 

3DP 3 Dimensional Printing 

NDT Non Destructive Technique 

NDE Non Destructive Evaluation 

GD&T Geometric Dimensioning and 

Tolerancing 

CMM Coordinate-Measuring 

Machine 

CT Computed Tomography 

XCT X-ray Computed Tomography 

SEM Scanning Electron Microscope 

CCD Charged Coupled Device 

CMOS Complementary Metal-Oxide-

Semiconductor 

IR Infrared 

NIR Near Infrared 

L-DED Laser-Direct Energy 

Deposition 

L-PBF Laser-Powder Bed Fusion 

MEX Material Extrusion 

ISO International Organization for 

Standardization 

ASTM American Society for Testing 

and Materials 

HR-OT High Resolution-Optical 

Tomography 

SAXS Small-Angle X-ray Scattering 

LIBS Laser-Induced Breakdown 

Spectroscopy 

OES Optical Emission 

Spectroscopy 

SVR Support Vector Regression 

MJ Material Jetting 

BJ Binder Jetting 

LOM Laminated Object 

Manufacturing 

VIS Visible 

A&V Acoustic & Vibrating 

AE Acoustic Emission 

UT Ultrasonic Testing 

CAD Computer-Aided Design 

FMT Fourier-Mellin Transform 

Q-Q Quantile-Quantile 

EWMA Exponential Weighted Moving 

Average 

SVM Support Vector Machine 

DIC Direct Image Correlation 

ML Machine Learning 

DL Deep Learning  

AES Acoustic Emission 

Spectroscopy 

HAZ Heated Affected Zone 

SISO Single Input Single Output 

FPGA Field Programmable Gate 

Array 

LAAM Large Area Additive 

Manufacturing 

OT Optical Tomography 

FoV Field of View 

HOG Histogram of Oriented 

Gradient 

LBP Local Binary Pattern 

CNN Convolutional Neural 

Netwrok 

EPMP Enhanced Phase Measuring 

Profilometry 

μCT micro Computed Tomography 

ANN Artificial Neural Network 

ABS Acrylonitrile Butadiene 

Styrene 

PLA Polilactic Acid 

RAD Residual Average Deviation 

ADLH Layer Height Average 

Deviation 

EAS Ellipse Angle Sum 

DSA Deposition Scanning Angle 

BLP Blue Laser Profilometer 

SL Structured Light (scanner) 

AHPE Average Height Percentage 

Error 

LP Laser Power 

PFR Powder Flow Rate 

FR Flow Rate 

C.F. Conversion Factor 

AC Acceptable Range 

LR Lower Region 

UR Upper Region 

PPA Projected Percentage Area 

VV Volume of Void 

VM Volume of Material 



 

1. Introduction 

Additive Manufacturing (AM), also known as 3D printing (3DP), is transforming manufacturing by enabling the 

creation of three-dimensional objects directly from digital designs. Unlike traditional chip removal technologies, 

which rely on material subtraction processes to shape a workpiece, AM builds objects layer-by-layer, offering 

significant advantages: 

 

• Design Freedom: AM removes many geometric constraints imposed by traditional manufacturing, allowing 

for the creation of highly complex designs with intricate internal features and customized geometries [1]. 

• Material Efficiency: AM typically uses only the material required for the functional part [2], minimizing 

waste compared to subtractive methods that generate significant material offcuts. 

• Tool-less Manufacturing: AM often eliminates the need for expensive and time-consuming tooling, such as 

molds or dies, enabling rapid prototyping and cost-effective customization. 

• Lightweighting Opportunities: AM facilitates the production of lightweight components with optimized 

material distribution, contributing to fuel efficiency and performance improvements in various industries [3]. 

• Functional Integration: AM enables the integration of multiple components and functionalities within a 

single part, simplifying assembly and potentially enhancing product performance. 

 

These advantages make AM a game-changer in various sectors, including aerospace [4,5], automotive, healthcare 

[4,6], and consumer goods. While AM offers tremendous potential, ensuring the reliability and quality of AM-

produced parts remains a critical challenge. The dependence of AM on several internal and external factors decreases 

process stability and repeatability, which can lead to defect formation in the printed part. Defects can form either on 

the external surface of produced part, in the sub-surface, or internally, affecting the part’s integrity and mechanical 

properties. Integration of monitoring methods in the AM process can help in continuously evaluating the quality of 

the manufacturing process and in developing intervention methods for correcting the defects as soon as they start to 

evolve. But, given the absence of metrological standardization to assess the 3D printed product quality [7], developing 

reliable monitoring systems remains a challenging task that many researchers are trying to solve [8]. In general, 

monitoring methodologies have been applied to all seven AM categories [9], first, to characterize defect formation 

mechanisms and, after, to provide quality evaluation of printed parts, by enabling defects detection and, where 

possible, a means of correction to reduce waste of time and materials. Monitoring systems can be categorized into 

different groups based on their methods and practice[9], and their advantages and disadvantages are summarized in 

Table 1: 

 



 

• Contactless/contact: Contactless systems can be considered as all the measuring instruments that can 

measure quantities without touching the part under examination. While contact instruments need to touch the 

surface to gather information. 

• Real-time/Off-time: Real-time systems are able to acquire internal and external data during the AM process, 

enabling instant feedback about deposition and consolidation processes, defect formation and correction, 

through either printing parameters variations [10] or hybrid manufacturing solutions [11]. Off-time systems 

usually evaluate the part at the end of the process or at predetermined intervals, offering a deeper investigation 

into external and internal part quality and performance and setting the basis for post-processing. 

• Destructive/non-destructive: Destructive techniques involve the part to be broken to study internal features 

and defects, while non-destructive techniques/evaluation (NDT/NDE) can obtain comprehensive data about 

the part without destroying it. From a NASA report [12], it is identified the need for real-time NDT/NDE for 

AM processes to reuse the tested parts and acquire real-time information, saving material and time. 

• In-situ/ex-situ: In-situ systems refer to the techniques used to gather data directly at the location of interest, 

so they are integrated within the machine, and they can provide real-time feedback about the part and the 

process. Ex-situ systems, on the other hand, involve detailed and comprehensive analysis of parts at a 

different location. In other words, the part needs to be moved from the printer because the measuring 

instrument is not embedded inside the machine.  

 

From Table 1 it is shown that the same instrument/sensor can be part of different categories contemporarily and, 

therefore, it can be used for different purposes. For example, optical sensors, which are widely used for MEX 

monitoring [13] and for monitoring metal AM [14], can be considered as contactless, NDT, real-time sensors and their 

versality make them suitable for both in-situ or ex-situ approaches, depending on whether they are mounted within 

the machine or externally. A variety of sensor technologies have been explored for monitoring AM processes, each 

offering a unique perspective on the as-built part, on the process and on the machine state[9,15]. Thermal sensors, 

such as thermal cameras, pyrometers, and thermocouples, capture temperature distributions and fluctuations within 

the melt pool and surrounding areas[7], providing insights into heat flow, cooling rates, and potential defects related 

to thermal stresses or insufficient melting. These types of sensors are mostly used when high heat exchange phenomena 

occur during the deposition, as usually happens when metal components are printed. Acoustic and vibrating 

sensors[16], such as microphones, acoustic emission and accelerometer sensors, detect waves generated during the 

build process. These wave signatures can reveal information about melt pool dynamics, powder flow, and the 

formation of defects such as cracks or porosity but can also reveal abnormal process conditions [17]. Load cells, on 

the other hand, measure forces and stresses experienced by the build platform or deposition head during the AM 

process [18], which can indicate issues with part adhesion, warping, or other structural instabilities. Optical 

sensors[13,15,19,20], such as IR/NIR/visible cameras, interferometers, profilometers, 3D scanners and so on, capture 

images and analyze light emitted or reflected from the build area. 



 

Table 1: Monitoring systems characterization based on different principles with advantages and disadvantages. The 

sensors/instruments column considers only the most common devices used for monitoring purposes in additive manufacturing 

processes. 

Monitoring 

system 

categories 

Feedback Purpose Advantages Disadvantages Instrument/sensors 

Contact-

based 

During/After 

AM process 

Dimensional and 

geometric 

validation, tactile 

surface 

roughness 

measurement 

High precision for 

geometrical (GD&T) 

and physical 

dimensions 

Limited to external 

features and time-

consuming when used 

for complex 

geometries 

Calipers, micrometers, 

CMMs, thermocouple 

Contactless After/During 

AM process 

Geometry, heat 

or structural 

monitoring 

without 

interfering with 

the part 

Faster and less 

intrusive: suitable for 

complex geometries 

Less measurement 

resolution than 

contact instruments. 

High dependance of 

the final result from 

material optical 

properties and on the 

environment lighting 

conditions, which are 

changing during the 

process. 

CT scanner, thermal 

cameras, 3D scanners, 

SEM 

Real-time During AM 

process 

Immediate defect 

detection and 

process 

adjustment 

Reduce waste of 

material and time by 

addressing problems 

at an early stage; 

support closed-loop 

control 

Require advanced 

sensors and fast data 

processing 

Thermal/CCD/CMOS 

camera, stereo cameras, 

acoustic emission 

sensors, laser 

profilometer, pyrometers, 

load cells, sensor fusion 

Off-time After AM 

process 

Provide 

comprehensive 

data for quality 

inspection, 

validation and 

post-processing 

Deliver accurate and 

detailed analysis 

useful for post-

processing techniques 

Time-consuming and 

costly: no real-time 

feedback 

CT scanner, 

profilometers, tensile 

machine, CMM, 

structured-light scanners 

Destructive After AM 

process 

Analyze internal 

or material 

properties by 

sectioning 

Enable thorough 

material or structural 

analysis 

Destroy or 

compromise part 

integrity: increase of 

material waste and 

production time 

Tensile or fatigue 

machines, SEM, micro-

sectioning 

NDT/NDE After/During 

AM process 

Verify quality 

without part 

damaging 

Suitable for 

preserving functional 

parts 

May not detect all 

internal defects or 

material 

inconsistencies 

Optical/CT/3D scanners, 

ultrasonic imaging, 

CMM, cameras 

In-situ During AM 

process 

Ensure process 

stability and 

early defect 

detection and 

mitigation 

Provide off-time/real-

time internal/external 

feedback suitable for 

adaptive and closed-

loop control 

May be affected by 

environmental or 

process disturbances 

(noise, spatter, high 

reflections, dimension 

of the building 

volume and so on) 

Thermal sensors, High-

speed/CCD/CMOS 

camera, stereo cameras, 

acoustic emission 

sensors, laser 

profilometer, optical 

scanners, load cells, 

sensor fusion 

Ex-situ After AM 

process 

Ensure final part 

quality and 

compliance with 

standards 

High precision and 

detailed examination 

of internal and 

external features 

Not suitable for 

closed-loop controls: 

time-consuming and 

costly 

CT scanner, 

profilometers, tensile 

machine, CMM, 

structured-light scanners 

 



 

Optical techniques offer high spatial and temporal resolution, enabling the monitoring of melt pool geometry, powder 

bed dynamics, and surface characteristics[21] for metal laser-based technologies (Laser-Direct Energy Deposition L-

DED and Laser-Powder Bed Fusion L-PBF). Optical sensors in MEX can help to acquire data about part geometry 

and surface without interfering with the deposition process and, furthermore, images, either alone or combined with 

output from other sensors, are widely used to feed different types of neural networks to enable closed-loop monitoring 

systems able to classify good/defective conditions during the deposition process [22]. The need to better understand 

AM process dynamics pushed toward a different approach to collect data. Such lack of knowledge led to the current 

tendency to capture as much information as possible, by equipping AM machines with an increasing number of 

heterogeneous sensors and by combining the data gathered from different sensors, an example is found in [23]. This 

approach takes the name of ‘sensor fusion’. The volume of information that can be generated, even during the 

fabrication of a single part, is rapidly increasing. The identification of what variables should be monitored and how 

involves significant research efforts going ahead, both in terms of process and material understanding, and data mining. 

Process monitoring is paramount to successful widespread implementation of AM because it could provide a real-time 

window into the complex physical phenomena occurring during the build process, enabling manufacturers to ensure 

part quality, optimize process parameters, and ultimately move towards the reliable and repeatable production of high-

value components. AM technologies are highly diverse, differing in operating principles, materials and industrial 

applications and seven macro-categories have been highlighted by the ISO/ASTM Committee F42 inside the 

ISO/ASTM 52900:2021 [24]. Vat Polymerization (VAT) uses a liquid photopolymer resin that cures and solidifies 

upon exposure to ultraviolet light. Material Extrusion (MEX), extrudes a thermoplastic filament through a heated 

nozzle, depositing it layer-by-layer to create the object. Powder Bed Fusion (PBF) utilizes a heat source, typically a 

laser or electron beam, to selectively melt and fuse layers of powdered material. Material Jetting (MJ) involves jetting 

droplets of photopolymer resin or molten material onto a build platform, where they solidify and bond together. Binder 

Jetting (BJ) employs a liquid binder to selectively join layers of powdered material. The green part is then cured or 

sintered to achieve its final properties. Directed Energy Deposition (DED) uses a focused energy source, such as a 

laser or electron beam, to melt material, powder or wire, as it is deposited onto the build platform. Finally, Sheet 

Lamination (LOM) bonds and cuts thin sheets of material, typically metal, to create the desired three-dimensional 

shape.  

This diversity makes it very hard to categorize monitoring methods solely based on the sensor used, because not all 

sensors can be applied across all AM technologies. Moreover, the same sensor can measure different process signatures 

depending on the technology, for example, the melt pool is a signature unique to powder/wire-based processes, as it 

results from the high-temperature interaction between the energy source (laser or beam) and the material, which melts 

and solidifies rapidly. Consequently, monitoring the melt pool is not applicable in processes like MEX, where such 

phenomenon does not occur.  

It is important to say that not all AM technologies have been considered in this thesis. The monitoring activities were 

performed on three AM processes that are MEX, L-PBF and Laser-DED (L-DED). These three technologies represent 

a significant portion of the AM landscape, each offering unique capabilities and addressing a wide range of 



 

applications. MEX is one of the most widely used AM categories due to its simplicity, relatively low-costs and large 

variety of feedstock materials [25], such as polymer [26], composite materials [27] and metals [28], but it can also be 

used with ceramic filaments and copper. The latter two categories are well suited for metal powder/wire processing 

[29] and lightweight structures production [3], and for this reason are very popular among industry environments 

where high-performance parts or functionally graded material are requested [30,31] (i.e. Automotive, aerospace, 

biomedical). In particular, given the challenges arose during each AM process and current state of monitoring systems, 

the focus in this work will be on monitoring setup and methods and their advantages and criticality. A more 

comprehensive overview of the AM monitoring state of art can be found in [9]. 

 

1.1. About this work 

After reviewing the state of art of monitoring systems for AM processes [15,19,32], it appears that, despite several 

studies on this topic, significant gaps remain in the development of reliable monitoring systems and methodologies 

across different AM technologies. As highlighted in [14], one of the biggest challenges for in-situ metrology and 

monitoring lies in the choice of process variables that should be measured. Understanding of process performance and 

behavior still needs to be improved and as a result, it is often unclear which process variables should be prioritized for 

monitoring purposes.  

The main objective of this thesis is to address the challenges of reliable monitoring and quality assurance in AM based 

on novel signatures. This is achieved through the study, development, and validation of innovative monitoring setup 

and methodologies tailored to the most common AM technologies. By leveraging advanced optical sensors and high-

resolution cameras, this work aims to bridge the gap between the lack of in-situ metrology and the growing demand 

for reliable and repeatable AM processes. This concept will be further expanded for each AM technology in subsequent 

paragraphs. 

As already mentioned, the key AM technologies considered are three. This thesis investigates monitoring 

methodologies tailored to these three processes, each presenting unique challenges and opportunities for quality 

assurance. The monitoring methodologies developed to address these challenges are outlined below: 

 

• Material Extrusion (MEX): Two different monitoring methodologies were explored by using the same 

sensor (laser line profilometer) and setup. First, a set of quality indexes was introduced to detect surface 

defects, enabling rapid identification of anomalies. Second, the sensors data were analyzed through a unique 

methodology based on layer height and functional analysis tools, providing a detailed characterization of 

surface and defect topology. These complementary approaches aimed to enhance the accuracy and robustness 

of in-situ layerwise monitoring in MEX processes.  

• Powder Bed Fusion (PBF): Building upon a previously introduced framework [33], this work improved (by 

increasing its spatial resolution) and evaluated the High-Resolution Optical Tomography effectiveness by 

applying it to complex lattice structures production. The lightweight structure monitoring is challenging due 



 

to the complex geometry to be produced and successfully evaluating both internal and external features would 

significantly improve in-situ monitoring of complex geometries. By subjecting the monitoring system to a 

“stress test,” the capacity to handle intricate shapes and accurately detect possible defects was demonstrated, 

underscoring the system’s suitability for next-generation L-PBF applications. 

• Laser-Direct Energy Deposition (L-DED): A tailor-made setup and an image processing algorithm were 

developed to enable 3D monitoring of melt pool height along multiple directions. This system provided 

accurate measurements of the height across various scanning paths, laying the groundwork for real-time, 

closed-loop control. The effectiveness of this method was further corroborated by a predictive model to 

estimate the measurement error introduced by the off-axis dual camera-based configuration of the proposed 

monitoring system, confirming the robustness of the proposed approach for enhanced process control in L-

DED. 

 

During experimental activities, optical sensors have been chosen as the core for monitoring systems and 

methodologies across all the considered AM technologies. While the used sensors and the setup can vary depending 

on the requirements of each technology, such as the dimension of the machine, the light reflection generated, the 

material considered and the purpose of the monitoring system, they can all be grouped within the broader category of 

optical sensors. This choice is motivated by the numerous advantages inherent to optical methods, making them well-

suited for AM process monitoring. Their contactless nature allows for measurements without interfering with the 

process’s dynamics or risking damage to the sensor itself. Furthermore, optical sensors often exhibit high sensitivity 

and accuracy, enabling the detection of subtle changes in light intensity, wavelength, or phase, which can be correlated 

with critical process parameters and signatures. The optical techniques can capture a wide range of process signatures 

regardless of the technology considered, from melt pool dimensions and temperature distributions to powder flow 

behavior and surface roughness when high thermal exchange occurs (L-PBF, L-DED), and from single track features 

to surface quality and defect topology (MEX) when the heat transfer is low , highlighting both the versality of optical 

sensors and their ability to provide a comprehensive overview of the build process. Moreover, optical sensors can 

provide continuous data acquisition, in some cases, allowing for real-time evaluation of the build process and enabling 

early defect detection.  

In section 2, the main defects that commonly occur during each different deposition process and that will be analyzed 

during the experiments are presented. Due to different nature of the monitored AM processes, defects are categorized 

based on the specific AM process considered, such as MEX and Laser-based AM processes. In section 3 the discussion 

of literature advancements about monitoring solutions divided by AM technologies is explained. In this discussion, 

for each technology, monitoring systems will be divided by type of measured signal (like thermal, acoustic and optical 

signals) to simplify data presentation, and the gaps highlighted from the literature review will be presented. After the 

literature review, the discussion will focus on the research activities conducted and the results obtained from the 

proposed methodologies as follow: section 4 will focus on MEX monitoring, section 5 will discuss about L-PBF 

monitoring and section 6 will talk about L-DED monitoring. For each section will be described the proposed 



 

monitoring setup used during the experiments. After that, the monitoring methodologies developed will be presented 

and their findings will be discussed in the results section, for each technology. Furthermore, the main highlight will 

be resumed in the conclusion part and the main limitation and the topic that must be addressed in future works will be 

discussed at the end of each sections (section 4, 5, 6). Finally, in section 7 the conclusion will be presented. 

 

2. AM process defects 

An essential aspect of process monitoring in AM is its ability to identify and mitigate defects that can arise during the 

build process. Defects, whether they occur on the external surface, within the sub-surface, or internally, directly impact 

the mechanical properties and functionality of the final part, making their understanding and detection paramount for 

quality assurance. Each AM technique introduces unique defect formation mechanism influenced by its material 

deposition strategy and energy source. 

To provide a comprehensive foundation for discussing monitoring techniques, it is critical to first categorize and 

analyze the types of defects associated with the three AM technologies considered in this thesis. MEX presents a 

distinct set of challenges due to its extrusion-based deposition process and to its low heat exchange during the heat 

source-material interaction, while L-PBF and L-DED share certain defect characteristics owing to their reliance on 

high-energy heat sources (the heat source for these two technologies is a high-energy laser beam) for material 

consolidation. By exploring these defects in detail, this chapter creates the context for understanding how process 

monitoring can address the specific quality control needs of each technology. 

 

2.1. MEX main defects 

Material Extrusion (MEX) is a widely adopted additive manufacturing technology recognized for its accessibility, 

versatility, and cost-effectiveness. Its speed and affordability make it ideal for rapid prototyping, allowing designers 

and engineers to quickly create tangible models to test designs and functionality. MEX finds applications in a diverse 

range of fields [25]. It boasts a relatively low cost of entry compared to other additive manufacturing technologies, 

making it an attractive option for startups, small businesses, and educational institutions. While often associated with 

prototyping, Material Extrusion is also gaining traction in the fabrication of tooling and fixtures, such as jigs and 

molds, used in various manufacturing processes. However, like any technology, Material Extrusion also has its 

limitations. Parts produced through this method may exhibit lower strength and durability compared to those 

manufactured using other additive manufacturing techniques, particularly those involving metals [25,34]. Moreover, 

due to the anisotropic nature of the layered structure, parts may exhibit different mechanical properties in different 

directions, which need to be considered during the design phase[35]. 

The dependance of MEX on several printing parameters [25], such as number of outer layers, infill degree, infill 

pattern, sample orientation on the build platform, layer thickness, printing speed and temperature and many others, 



 

make this process prone to defects that can arise during the layer-by-layer deposition process. As already mentioned, 

these defects can affect the final part’s aesthetic, dimensional accuracy and mechanical properties and the relationship 

between process parameters and defects have been deeply explored in literature [8,13,25,36]. Common defects for 

MEX are shown in Fig. 1, and they include: 

 

• Under/Over-fill (Fig. 1, a-c and e, f): These are related to inconsistent extrusion volume of material. Underfill 

is characterized by lack of material inside the part, and it can lead to void and delamination, while overfill 

can be considered as the opposite condition, and can lead to mechanical stresses, residual strains and warping 

[22].  

• Stringing/Oozing (Fig. 1, c and d): Thin strands of material appearing between separated features are often 

caused by the filament oozing out of the nozzle while not extruding, because of the gravity force[13]. 

• Surface texture defects (Fig. 1, e): A very uneven surface texture can occur because of the high number of 

printing parameters to control. These include layer height, nozzle feed rate, and diameter and filament quality 

are just some of the parameters to control during the deposition process[13]. 

• Delamination (Fig. 1, g): This occurs when layers of the printed part fail to bond properly, resulting in 

weakness and potential separation. Inconsistent extrusion rates and insufficient temperature can contribute to 

this error[22]. 

• Warping (Fig. 1, h ): Usually, this occurs when the part curls upwards or distorts at the edges because of non-

homogeneous cooling rates and the material’s thermal contraction. Bed adhesion, printing temperature and 

cooling rates significantly influence warping[22]. 

• Shrinkage: Dimensional reduction of the printed part as it cools and solidifies after deposition. This defect 

occurs due to the thermal contraction of the material and can lead to warping, internal stresses and geometric 

deviation. It is a common defect that occurs when metal parts are printed. 

 

 

Fig. 1: Common MEX defects[37]: a-c) Underfill defects -a) gaps between walls, b) under-extrusion, c) clogged nozzle- d) 

stringing; e)-f) over-extrusion defects; g) delamination; h) warping. 

 



 

2.2. Defects related to Laser-based metal AM technologies 

Laser-based metal AM technologies, such as L-PBF and L-DED, share key thermal and material phenomena because 

of their reliance on the same fundamental working principle: melting and solidifying metal powder using a laser heat 

source. Unlike MEX process, which typically involves melting polymers at lower temperatures compared to metals, 

L-PBF and L-DED involve high-temperature operations, resulting in high heat exchange phenomena. Both 

technologies rely on a layer-by-layer material deposition approach, in accordance with AM paradigm, enabling the 

creation of complex geometries and high-performance components, which are hard or impossible to construct with 

traditional machining processes and one important example is represented by lattice structure production [38]. 

However, despite their similarities, L-PBD and L-DED differ significantly in their implementation, capabilities and 

typical industry applications[39]. 

L-PBF operates within a controlled environment where a laser beam selectively melts powder spread across an entire 

layer, the so-called “powder bed”, which explains the name of the technology (Laser – Powder Bed Fusion). This 

powder bed-dependent approach restricts the build chamber and limits building volumes but is highly precise and 

suited for producing small and complex parts with better surface finishes and details, compared to L-DED produced 

parts. This, combined with the material palette, makes L-PBF appreciated by industry, such as aerospace, healthcare 

and tooling, through the production of lightweight structures, tailor-made implants and prosthetics, prototype and 

mold and dies with intricate internal cooling channel production, respectively. On the contrary, L-DED employs a 

focused laser beam to melt the powder as it is simultaneously expelled from the nozzle and deposited onto a substrate. 

This technology is not restrained from a powder bed so higher deposition rates and larger building volumes are 

enabled, making L-DED ideal for fabricating large parts and Near Net Shape components characterized by a 

comparatively lower surface finish quality and precision. Moreover, L-DED’s ability to process complex geometries, 

repair and coating existing parts offer important advantages in aerospace and energy industrial applications. The main 

current usage of L-DED process is for damaged turbine blades repair and for coating purposes. 

However, the aforementioned technologies face challenges primarily related to defect formation, arising from their 

dependency on a multitude of process parameters, and an example is presented in Fig. 2 for an L-PBF process, and 

the complexity of thermal and material interactions during production. Understanding the defects that occur during 

these laser-based technologies is critical for developing robust and reliable monitoring systems and control strategies. 

This understanding provides a foundation for implementing real-time control strategies that minimize defect 

occurrence and improve overall part quality. Detailed description of relationship between defects and process 

parameters can be found in literature [19,20,40] and the main defects encountered during L-PBF and L-DED are listed 

below, and shown in Fig. 3: 

 



 

 

Fig. 2: L-PBF process parameters [20]. 

 

• Porosity (Fig. 3, a): Voids inside the material that are often attributed to trapped gas, inadequate powder 

melting due to insufficient laser energy, or evaporation phenomena during the process[3]. 

• Lack of Fusion (Fig. 3, a): This defect occurs, usually, when insufficient melting occurs between adjacent 

layers, leading to weak point in the structure. This could be caused by inconsistent powder layers, improper 

laser power or part geometry complexities[19]. 

• Residual stresses and Distortion: Fast cycles of heating and cooling can lead to significant residual stresses 

inside the deposited part. These stresses can cause also defects such as warping  (Fig. 3, c) and part distortion, 

compromising its dimensional accuracy and leading to cracking or delamination (Fig. 3, b) [40].  

• Surface Roughness (Fig. 3, d): Both technologies exhibit high surface roughness due to layer-by-layer 

deposition and their powder-based nature, but L-DED parts usually exhibit rougher surface finish because of 

the larger melt pool and the less controlled material deposition process. Surface roughness can affect 

mechanical properties and need post-processing operations[40]. 

• Microstructural defects (Fig. 3, e): Monitoring the microstructure of the part gives information about the 

dynamics of deposition and microstructural evolution. These are defined as undesirable structural features in 

the microstructure that affects mechanical properties[40]. 
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• Balling (specific to L-PBF, Fig. 3, f): The molten pool can divide into small spheres due to poor wetting 

behavior, high residual stresses on the surface or inconsistent powder bed surface[19].  

• Powder bed-related issues (specific to L-PBF, Fig. 3, g): Variability in powder layer density or contamination 

in the powder bed can be detrimental to the melting process. 

• Overheating and substrate damage (specific to L-DED): Due to focused energy source, excessive heat can 

damage the substrate or lead to material evaporation 

 

 

Fig. 3: a) spherical pores and acicular pores[19]; b) delamination due to cracks[19]; c) geometric distortions and warping[40]; 

d) high surface roughness[40]; e) microstructural defects with different laser powers[19]; f) balling at different laser feed 

rates[19]; g) poor edge accuracy because of powder bed inconsistencies[19]; h) staircase effect [20], which is common to AM 

technologies. 

 

2.2.1. Process signatures 

Due to the dependency of L-PBF and L-DED on numerous process parameters and intricate interactions between these 

parameters and the complex thermal physics involved, defects are prone to occur. To mitigate these challenges and 

ensure part quality and process reliability, it is essential to identify and monitor the so-called process signatures. These 

are defined as measurable features that reflect the real-time state of the process and can be correlated with specific 

phenomena or part characteristics, providing useful insights for interpreting experimental results and optimizing 

process parameters [20]. It is important to point out that these signatures are the most common features observed by 

monitoring systems to study and control the processes and some of them will be analyzed during the research activities 

conducted and described in this thesis:  

c)

d) e)

a) b)a)

c)

f) g)
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• Melt Pool Geometry (Fig. 4, a): The melt pool refers to the localized region of molten material created during 

the interaction between the laser source and the metal powder. The size and shape of the melt pool are critical 

indicators of energy input and powder melting dynamics. A stable melt pool, typically characterized by a 

specific width, depth, and aspect ratio, is crucial for achieving consistent fusion between layers and 

preventing defects like lack of fusion or porosity. Monitoring melt pool geometry allows for real-time 

adjustments to laser power, scan speed, or spot size to maintain optimal melting conditions [19]. 

• Melt Pool Temperature (Fig. 4, b): The temperature of the melt pool directly influences the metallurgical 

properties of the solidified material, affecting microstructure, grain size, and ultimately, mechanical 

properties. Monitoring melt pool temperature helps ensure it remains within a specific range to avoid issues 

like overheating, vaporization, or lack of fusion, which can lead to more severe defects and compromised 

part quality. 

• Light Emissions from the Melt Pool: The intensity and spectral characteristics of the light emitted by the melt 

pool provide valuable information about the melting process and material behavior. Analyzing these 

emissions can reveal insights into melt pool temperature, chemical composition, and the presence of 

impurities or defects[38]. This information can be used for real-time process control and quality assurance. 

• Powder Bed Density: The density and uniformity of the powder bed before melting significantly impact the 

consistency of energy absorption and melt flow. Variations in powder bed density can lead to uneven melting, 

porosity, and dimensional inaccuracies in the final part. Monitoring powder bed characteristics helps ensure 

a consistent and repeatable build process[41]. 

• Part Surface Features: Analyzing the surface characteristics of the manufactured part, such as roughness, 

texture, and the presence of defects, provides valuable feedback on the overall process stability and part 

quality. Surface defects like balling, cracking, or excessive roughness can indicate issues with process 

parameters, powder characteristics, or environmental factors [20]. 

 

Fig. 4: Melt pool obtained from different sensors: a) Melt pool geometry obtained by thresholding a VIS camera frame; b) Melt 

pool temperature profile from an IR camera [42]. 

CCD/CMOS camera

(melt pool geometry)

Melt pool

IR camera

(melt pool 

temperature)

a)

b)



 

 

As will be discussed in subsequent paragraph, during the experimental activities conducted, the melt pool geometry 

and the light emitted from the melt pool were chosen as monitored process signature. 

 

2.2.2. Lattice structures main defects 

Lightweight structures, which include both foam and lattice, are engineered cellular structures characterized by the 

repetition of unit cells within the three-dimensional space [43], as it is shown in Fig. 5. 

 

 

Fig. 5: Different types of unit cells for strut-based lattice structures [3]: a) BCC; b) BCCZ; c) FCC; d) FCCZ; f) cubic; g) Octet-

truss; h) diamond. In i) example of Octet-truss (g) lattice structure. 

 

These structures have gained significant attention, particularly in sectors such as aerospace and healthcare [3], where 

achieving the optimal balance between lightweight and high-strength components is critical. The design flexibility of 

lattice structures allows applications demanding low weight, excellent mechanical performance, and enhanced thermal 

properties. This design freedom puts lightweight structures inside the category of meta-materials [44], which entails 

structures that gain their functional properties from their geometry rather than inheriting them directly from the 

material used to produce them. The open-cell configuration brings other advantages to these components, such as high 

strength-to-weight ratio, good heat dissipation and good energy absorption. 

Lattice structures are known to be difficult to fabricate using conventional subtractive manufacturing technologies due 

to their geometric complexity. The advent of Industry 4.0 paradigm and AM technologies, particularly L-PBF, has 

overcome these limitations. In fact, L-PBF enables the production of highly complex and lightweight structures with 

exceptional geometric control, unlocking new possibilities in design and performances. However, as already 

mentioned, L-PBF, and all AM technologies, remain susceptible to the occurrence of defects during production 

because of the high number of interdependent parameters that influence the process itself and the incomplete 

understanding about the underlying process dynamics. Consequently, as the adoption of L-PBF for lattice production 

grows, understanding the impact of printing parameters on critical outcomes such as dimensional and geometrical 

        
  

      



 

accuracy, mechanical and chemical properties and defect formation becomes essential. Indeed, variability in these 

factors affect significantly the performance and reliability of lattice structures, emphasizing the need for deeper 

insights and robust monitoring strategies. 

In chapter 3.2, the monitoring activities related to L-PBF will be explained, where a lattice structure was produced to 

evaluate the reliability of the monitoring system. Therefore, it is important to introduce lattice structure and highlight 

their importance in industrial applications. But, considering the focus of this work on monitoring systems and 

methodologies for AM technologies, it is necessary to discuss common defects that affect lattice structures. This 

discussion lays the foundation for understanding how to evaluate and characterize the reliability of monitoring 

methodologies. Usually, lightweight structures are produced by means of L-PBF due to its capability to handle intricate 

geometries with relatively high precision. However, it is important to emphasize that lattice structures proved to be 

prone to additional geometrical defects unique to their architecture [45,46], alongside those typically induced by the 

manufacturing process, described in chapter 2.2. These geometrical defects are outlined below and shown in Fig. 6: 

 

• Strut Thickness (Fig. 6, b): This parameter is considered as the smallest cross-sectional diameter of each strut, 

measured layer by layer throughout the structure. Variation in strut thickness can indicate deviations in 

geometric quality, directly affecting the structural integrity and mechanical performance of lightweight 

structures. 

• Strut Waviness (Fig. 6, a): The strut waviness is defined as the deviations in the position of struts’ axes; thus, 

the central axis of the built strut is not collinear with the central axis of the nominal strut. Significant waviness 

can lead to eccentric loading, premature structural collapse undern nominal loads, and reduced energy 

absorption capabilities. 

 

 

Fig. 6: SEM images representing a) strut waviness; b) strut thickness variation; c) horizontal strut; d) diagonal strut; e) vertical 

strut. [45] 

 

    

      



 

3. State of art: AM process monitoring  

Process monitoring is paramount to the successful wide implementation of AM technologies. It can provide a real-

time window into the complex physical phenomena occurring during the build process, enabling manufacturers to 

ensure part quality, optimize process parameters, and ultimately move towards the reliable and repeatable production 

of high-value components. Without robust monitoring, AM processes are prone to inconsistencies and defects that can 

compromise the mechanical properties, dimensional accuracy, and overall integrity of the final part. 

Effectively monitoring AM processes presents inherent difficulties due to the dynamic nature of the build environment 

[47,48], the harsh conditions involved [49,50], and the complexity of the data generated [51,52]. The rapid heating 

and cooling cycles, intricate melt pool dynamics, and constantly evolving part geometries create a highly dynamic 

environment that is challenging to monitor accurately. Furthermore, the high temperatures, intense light emissions, 

and potential presence of spatter or fumes can pose significant challenges for sensor operation and reliable data 

acquisition. Adding to these challenges, AM monitoring systems typically generate vast amounts of high-dimensional 

data from various sources, necessitating sophisticated data processing and analysis techniques to extract meaningful 

information. By providing real-time information about the build process, reliable monitoring systems can enable the 

early detection and prevention of defects, ensuring the production of high-quality parts. Moreover, monitoring systems 

can provide valuable data for process optimization, leading to improved efficiency, reduced waste, and enhanced 

material properties. 

Given these challenges, it becomes crucial to explore existing research on monitoring systems tailored for different 

AM technologies. This chapter reviews the existing literature, at the best of author knowledge, on monitoring systems 

and methodologies for AM technologies, by organizing the discussion by the three considered AM processes (MEX, 

L-PBF and L-DED), and at the end of each subparagraph a panoramic of research gaps to be filled is presented. This 

is of paramount importance because it will help contextualize the research activities conducted in this thesis. The 

purpose of these paragraphs is focused on key advancements in AM monitoring field, by showing representative 

examples for each application to illustrate the progress made and the challenges to address. 

 

3.1. MEX in-situ monitoring 

Material Extrusion (MEX), one of the most widely utilized additive manufacturing (AM) technologies, has obtained 

significant attention due to its simplicity, cost-effectiveness, and versatility in fabricating complex geometries. By 

depositing a large variety of materials, usually thermoplastic materials, layer-by-layer, MEX offers exceptional 

flexibility for producing tailor-made and small-batch components for various industries, including aerospace, 

automotive, and healthcare. In accordance with Oleff et al. [13], MEX process monitoring is the most developed topic 

in literature so far. Despite this interest in this technology, ensuring part quality and process consistency remains a 

persistent challenge. As discussed in paragraph 2.1, a lot of defects can occur during the extrusion process, and this is 

due to the several parameters that influence the process, as better explained in Fig. 7 where the main process 



 

parameters are presented. It comes that dependency on a very high number of parameters makes the process very 

complex and prone to defect occurrence, because of the lack of systems able to control and optimize process 

parameters. 

 

 

Fig. 7: MEX main process parameters. 

 

In-situ monitoring emerges as a critical solution to address these challenges, offering real-time insights into the 

dynamic nature of the MEX process. By providing continuous feedback on process conditions, in-situ monitoring 

facilitates early detection of defects, enabling corrective measures to be implemented before they compromise the 

integrity of the final part. This is possible because the relationship between parameters and defective condition has 

widely been studied [25,34,53]. Furthermore, monitoring systems contribute to a deeper knowledge of the process 

dynamics, optimizing process parameters, reducing material waste, and enhancing overall production efficiency. In 

this chapter, in-situ monitoring systems for MEX will be categorized based on the measured signal type used to acquire 

process information: acoustic, thermal, and optical. Acoustic systems detect vibrations and sound emissions to identify 

anomalies such as nozzle clogging or mechanical failures [17,54]. Thermal systems utilize temperature sensing 

devices to monitor heat distribution and ensure proper layer adhesion [13]. Optical systems, ranging from high-

resolution cameras to laser profilometers, enable detailed inspection of geometric and surface features in real-time, 

thanks to the application of different machine learning approaches [22]. 

The following sections provide a comprehensive review of these in-situ monitoring methodologies, exploring their 

underlying principles, applications, and limitations. The discussion aims to highlight the advancements achieved in 

in-situ monitoring for MEX while identifying opportunities and gaps to contextualize and explain the research 

activities conducted in this thesis. 
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3.1.1. Acoustic and vibrating monitoring methods 

Acoustic and vibrating (A&V) sensors can transform sound waves, vibrations, and pressure waves to electrical signals, 

making it possible to measure these quantities and provide useful information about the condition of the process. These 

sensors can acquire response after generating an acoustic wave (active sensors) or can measure directly the waves 

generated by the measured object (passive sensors) [15]. The signals measured by these sensors are then analyzed 

through different algorithms to identify anomalies in the process that may compromise the quality of the printed part. 

In general, based on this, it is possible to categorize mainly in three MEX monitoring method groups, based on the 

analyzed signal: Acoustic Emission (AE), Vibrations emission or Ultrasonic testing (UT). 

Acoustic Emission (AE) monitoring is a methodology for in-situ monitoring in Material Extrusion (MEX) processes 

that leverage high-frequency stress waves generated during rapid stress release in materials [55]. These waves contain 

valuable information about machine status and defect formation. Several studies have demonstrated the efficacy of 

AE sensors in monitoring the extrusion process and identifying anomalies. For instance, Wu et al. [54] attached an AE 

sensor to an extruder using vacuum grease, enabling the classification of extruder states, such as material 

loading/unloading, idle, and normal extrusion, using a hidden semi-Markov model. This setup achieved a classification 

accuracy of over 90%, highlighting its potential for precise defective condition detection. In another study, Wu et al. 

[56] mounted an AE sensor on the build platform next to the part, allowing detection of detachment from the platform 

and deformations during printing. These defects resulted in altered acoustic emissions, indicating contact between the 

defective part and the nozzle. Moreover, Chhetri et al. [57] employed an external AE monitoring setup to capture 

acoustic signals from the printer's axes and motors. By reconstructing the geometry of the layers from these emissions 

and comparing it with the original G-code, they successfully detected cyberattacks that modified the geometry of 

printed parts. AE sensors are cost-effective, sensitive, and non-intrusive, making them highly suitable for in-situ MEX 

monitoring applications. Researchers have utilized them to detect filament breakage, nozzle clogging, and other 

defects that compromise the printing process. AE monitoring systems generate a big amount of data during the record 

phase. For this reason, these sensors have been coupled with ML algorithms, which have the possibility to process a 

big quantity of data without human efforts and classify the process if defective or not. More detailed information about 

AE monitoring systems based on ML and DL approaches proposed in literature can be found in [15,55].  

Another important category of monitoring systems for MEX are the ones exploiting vibrating sensors. Vibration 

monitoring systems operate by measuring mechanical oscillations around the equilibrium position of machine 

components during the manufacturing process. These oscillations are captured using vibration sensors, which convert 

the mechanical movements into electrical signals. Accelerometers, the most used vibration sensors in AM, are 

preferred for their affordability, durability, and sensitivity to abnormal signals. In MEX, vibration sensors can be 

strategically installed on components like the extrusion head or substrate to monitor vibrations that may indicate 

machine faults or defects in the printing process. Several studies have demonstrated the application of vibrating 

monitoring systems in MEX. Tlegenov et al. [58,59] attached an accelerometer to the extruder to assess nozzle 

clogging by measuring effective nozzle diameter. They observed a nonlinear increase in vibration amplitude as the 

effective nozzle diameter decreased. Their analytical model for amplitude determination showed strong agreement 

with experimental results across different extruder types, including Bowden and direct extruders. In another study 



 

[16], sensors were mounted on both the extrusion head and build platform to detect part deformations and defective 

extruder conditions. This setup enabled effective identification of mechanical issues in the MEX system. Yen and 

Chuang [60] extended this work by focusing on the detection of defects specifically in the mechanical components of 

MEX machines, highlighting the versatility of vibration monitoring for ensuring machine reliability. These studies 

underscore the importance of vibrating monitoring systems in identifying machine-related issues, such as nozzle 

clogging and mechanical deformations, thereby contributing to enhanced process stability and defect prevention in 

MEX. 

Ultrasonic Testing (UT) is a promising NDE method used for defect detection in MEX processes. UT is a method 

where ultrasonic waves are actively generated by a transmitter, interact with the material, and are captured by a 

receiver. These waves were found reflective of some defective condition, especially for L-PBF monitoring as will be 

further discussed in chapter 3.2.1. Literature about UT monitoring system for MEX is very short. Cummings et al. 

[61] demonstrated a UT setup with four piezoelectric transducers (one transmitter and three receivers) positioned 

around a part on the print bed of a MEX machine. They analyzed frequency responses to detect delamination, 

comparing the frequency characteristics of normal printing and extrusion-free states as baselines. Quality indicators 

derived from these responses allowed effective defect prediction. Another advanced approach involves laser ultrasonic 

systems, as shown in [62]. Authors employed a piezoelectric transducer as a pulser on the print bed and used a laser 

Doppler vibrometer to scan the part surface. Defect detection was based on wavenumber spectroscopy, where large 

wavenumbers and abnormal response magnitudes indicated damage. In conclusion, UT monitoring systems provide 

high sensitivity for detecting sub-surface defects and enabling real-time quality assessment. 

Despite these advantages, A&V monitoring systems for MEX face several limitations. One significant drawback is 

their primary focus on monitoring the state of the machine rather than the part itself. Most studies relate machine 

conditions, such as vibrations, extrusion head motion, or motor performance, to defective states without directly 

assessing the quality of the printed layers or the structural integrity of the part. This indirect approach can limit the 

ability of A&V systems to detect defects that arise independently of machine anomalies, such as material 

inconsistencies or layer delamination. Additionally, A&V signals are highly sensitive to environmental noise and other 

disturbances, which can complicate data interpretation. The complex acoustic environment of MEX processes, 

including noise from motors, fans, and other moving parts, may mask or mimic defect-related signals [8,13,55]. 

Accurate calibration and advanced signal processing techniques are necessary to distinguish meaningful signals from 

background noise, which adds to the system's complexity and cost. Furthermore, while A&V systems excel in 

detecting anomalies, they are less effective in providing detailed insights into defect mechanisms or part geometry. 

This limitation makes them less suitable as standalone tools for comprehensive quality control. Integration with other 

monitoring modalities, such as optical or thermal sensors, is often required to achieve a deeper understanding of the 

process and part quality.  

 



 

3.1.2. Thermal monitoring methods 

Thermal monitoring methods have been explored as a means in ensuring the quality of MEX part processes, because 

of their inherent thermally driven nature. Compared to laser-based AM technologies, thermal phenomena are way less 

crucial to the quality of the final part, but they were found worth studying because they are related to defective 

conditions caused by non-correct polymer diffusion and adhesion between deposited layers. Knowing the relationship 

between thermal phenomena and part integrity can help in optimizing interlayer bonding and in minimizing 

temperature-related defects [63]. A deeper analysis on the influence of thermal factors, such as nozzle temperature, 

bed temperature and cooling rates, can be found in [63], but will be omitted in this work because the focus is on 

thermal monitoring methods and systems. The main sensors applied to perform thermal monitoring for MEX are IR 

cameras and thermocouple. IR cameras offer insight into cooling rates and thermal gradients over the external surface 

of the part, while thermocouples, on the other hand, measure localized temperature profiles at specific points, usually 

at the interface between subsequent layers, but they need to be in contact with the part to measure the temperature. 

In terms of IR cameras monitoring, Seppala et al. [64] proposed the use of IR thermography to measure the temperature 

profiles of filaments during MEX under various printing conditions. Their setup focused on the weld zone, capturing 

in-process temperature data to estimate the extent of sublayer heating within the melting zone. They later extended 

this work [65] by developing an experimental framework that integrated thermal, rheological, and fracture mechanics 

analyses to study weld formation during material extrusion. Their findings demonstrated a steady increase in weld 

strength with extended weld times, although they highlighted the need for further investigation into these observations. 

Compton et al. [66] investigated temperature evolution in large-scale thermoplastic polymer composites using a 

combination of experimental and numerical approaches. They recorded the temperature profiles of deposited layers 

using thermal imaging and applied the results to a one-dimensional finite difference heat transfer model. Their study 

revealed that cooling rates decreased with reduced distances from the build platform and identified the temperature of 

the topmost layer before new deposition as a critical indicator of warping and cracking risks. Prajapati et al. [67] 

monitored the filament temperature distribution in the stand-off gap between the liquefier and platform, employing a 

model that accounted for heat loss. Their results demonstrated strong alignment between experimental and predicted 

temperature profiles, validating the robustness of their approach. Ferraris et al. [68] employed IR-based setups to 

record spatial and temporal temperature variations in vertical walls. Although they validated their experimental results 

using a finite difference method, significant discrepancies were observed between numerical and experimental peak 

temperatures, emphasizing the complexities involved in accurately modeling heat transfer during MEX. Kuznetsov et 

al. [69] examined the impact of process parameters on interfacial temperature variations between adjacent layers, 

using an IR camera to record the temperature distribution on rectangular tube-shaped samples. Their analysis linked 

temperature variations to the mechanical strength of the fabricated parts. Lepoivre et al. [70] investigated heat transfer 

and adhesion by using IR cameras to experimentally record the temperature profiles of vertical walls, complemented 

by a 2D transient heat transfer model. Their results demonstrated a strong agreement between experimental and 

numerical findings, emphasizing the role of heat transfer in determining adhesion quality. Basgul et al. [71] proposed 

a non-isothermal healing model for interfacial strength, integrating experimental IR-based temperature measurements 



 

of vertical walls with a one-dimensional heat transfer model. Discrepancies between experimental data and model 

predictions indicated the need for further refinement. 

MEX monitoring based on thermocouple was also explored in literature. Yin et al. [72] investigated the interfacial 

bonding during multi-material MEX by focusing on interfacial temperature profiles. Their setup incorporated K-type 

thermocouples embedded within the layers to measure temperature evolution during the process. The experimental 

data were validated using a three-dimensional transient heat transfer model. While their results indicated good 

agreement between experimental and modeled data, notable discrepancies in the onset of temperature peaks 

highlighted challenges in accurately capturing dynamic thermal behaviors. Xu et al. [73] analyzed the temperature 

evolution of filaments during the fabrication of thin walls using T-type thermocouples. Their setup also involved 

validating experimental data against a pre-established model. Although the results demonstrated strong consistency 

between the recorded and predicted data, the need to pause the process to place the thermocouples was a significant 

limitation, potentially affecting the thermal profile of the printed part. Vanaei et al. [74] proposed an innovative 

approach to local in-process temperature monitoring during thin wall fabrication. They utilized ultra-small K-type 

thermocouples (diameter = 80 µm) to measure temperature variations without interrupting the printing process. Their 

setup achieved excellent agreement between experimentally recorded data and numerical predictions, successfully 

capturing key temperature characteristics such as the onset, relative magnitude, and breadth of temperature peaks. 

This non-intrusive methodology addressed prior limitations, offering a more accurate representation of the dynamic 

thermal environment in MEX. 

In conclusion, Infrared (IR) cameras can capture surface temperature profiles over complex geometries. However, 

these systems are unable to measure temperatures at specific locations, such as the interfaces between adjacent 

filaments, where interlayer bonding occurs, and they also have lower resolution than visible cameras. Additionally, 

the presence of other heat sources, such as radiation from surrounding components, can lead to over-estimated 

temperature values, reducing the reliability of the recorded data. While thermocouples, widely used in local thermal 

monitoring, provide high precision in measuring temperatures at specific points, such as interfacial zones, their 

application introduces notable challenges. Traditional thermocouple setups often require interruptions in the printing 

process to position sensors, which can alter the thermal environment and affect the results. Moreover, their limited 

spatial coverage restricts their ability to capture broader temperature distributions across the part. Both global and 

local approaches face difficulties in accounting for dynamic thermal phenomena inherent to the MEX process. This is 

because the discussed monitoring systems relay on tailor made models, which are still too simple for the phenomena 

they are supposed to represent, and this can be seen from the discrepancies between experimental data and numerical 

predictions. 

 

3.1.3. Optical monitoring methods 

Optical monitoring methods for MEX include most of the monitoring approaches proposed for this technology [13]. 

Optical systems offer several advantages that widen their usage in real-time control and quality assessment by 

leveraging advanced imaging techniques without touching the part under exam. This enables geometry, dimensions, 



 

surface and defects topology monitoring and, lately, started to provide valuable input to ML algorithms, which have 

proven to be essential to implementation of closed-loop monitoring systems [15]. In the context of MEX monitoring, 

optical methods are broadly categorized into 2D image-based methods and 3D scanning methods.  

The 2D image-based techniques primarily generate two-dimensional images, offering insights into part geometry and 

dimensions. These methods are relatively straightforward and cost-effective, but they are inherently limited by their 

inability to capture depth information [75,76]. Li et al. [77] developed a vision-based monitoring system using a single 

camera mounted above the MEX 3D printer to capture images of each printed layer. These images were compared 

with simulated layer images generated from CAD models using G-code. The system employed background subtraction 

and Fourier-Mellin Transform (FMT) to evaluate layer dimensions, profile accuracy, and infill patterns. Experimental 

results demonstrated the system’s ability to detect print deviations, such as dimensional errors and profile inaccuracies, 

with high precision, ensuring reliable quality assessment during the printing process. Moretti et al. [23] conducted a 

comprehensive evaluation of defect detection capabilities by mounting various sensors on a low-cost MEX printer. 

They demonstrated the effectiveness of 2D image acquisition for detecting cohesion issues between infill and walls, 

defects that were otherwise undetectable by the other sensors used. In a subsequent work [78], the authors utilized a 

digital microscope to capture 2D images, which were analyzed with machine learning classifiers to identify surface 

defects, including voids between walls and rasters. Additionally, they integrated a digital twin of the printer [79], 

allowing the ideal contour of the printed part to be compared with the actual contour derived from the microscope 

images, enabling precise in-process defect detection. Liu et al. [80] introduced a dual-camera setup using borescopes 

mounted on opposite sides of the nozzle to monitor surface conditions. Their image textural analysis algorithm 

successfully identified under-fill, over-fill, and normal conditions, demonstrating the utility of 2D imaging systems 

coupled with ML classification algorithms for monitoring material deposition quality in real time. Nuchitprasitchai et 

al. [75] proposed two distinct in-process monitoring systems: one using a single camera and the other employing a 

dual-camera setup mounted on the side of the 3D printer. By comparing binarized images from the cameras with ideal 

ones derived from the CAD model, their systems effectively detected surface flaws during printing. Huang et al. [81] 

implemented a statistical process monitoring technique based on 2D images obtained from a digital camera mounted 

above the printer. This method allowed for the detection of under-fill and over-fill conditions on the layer surface, 

showcasing the effectiveness of straightforward camera setups in MEX monitoring. Similarly, He et al. [82] presented 

an optical monitoring system designed to monitor geometric deviations in MEX parts using profile monitoring 

techniques. A CCD camera, mounted above the printing bed, captured images of each layer. Geometric profiles were 

extracted and deviations from ideal CAD data were computed. Deviations were transformed into linear profiles using 

Quantile-Quantile (Q-Q) plots, which were subsequently monitored with Exponentially Weighted Moving Average 

(EWMA) control charts. This method effectively identified geometric defects such as dislocation, staircase variations, 

and gradual changes in layer geometry, ensuring detailed monitoring of the entire manufacturing process. Delli et al. 

[83] conducted a comparative analysis between images of an ideal, defect-free part and those of the actual 

manufactured part. They employed a combination of a simple thresholding technique and a support vector machine 

(SVM) classifier to evaluate the part's quality. Based on the analysis, the system categorized the part into one of two 

classes: acceptable or defective. In addition to part inspection, some 2D vision systems focus on monitoring the 



 

mechanical components of the printer itself. An example can be found in the works of Greeff et al. [84,85] that used 

a digital microscope to observe the filament delivery mechanism within the extrusion head. By measuring the 

filament's speed and width, they calculated the volume flow and compared it with the feeding gear speed to identify 

potential slippage effects. These approaches highlight the versatility of 2D imaging systems in assessing not only the 

printed part but also the functionality and accuracy of the printer’s mechanical components. Although 2D vision 

monitoring systems are widely used in MEX monitoring for their simplicity, cost-effectiveness, and ability to detect 

defects, they still exhibit important limitations that restrict monitoring capabilities. One of the primary drawbacks is 

the inability to capture height or depth information, which is crucial for analyzing topological features and identifying 

3D defects such as layer misalignment. Additionally, the performance of 2D vision-based monitoring system heavily 

depends on environmental lighting conditions. Indeed, variations in illumination can introduce inconsistencies and 

noise in the acquired data, reducing the reliability of defect detection. Another important limitation is their inability to 

provide quantitative metrics for the identified defects. This is particularly true when neural networks are used to 

process processed images. These networks work as black-boxes and they can classify when a defective condition 

occurs, but, often, without providing further quantitative data about the defect, limiting the utility of 2D vision-based 

monitoring systems for MEX for precise diagnostic and corrective actions. Furthermore, these systems struggle to 

provide comprehensive monitoring when parts with complex geometries are produced.  

These needs have brought researcher to explore also different methodologies based on optical sensors. 3D scanning 

methods, which include stereo-cameras, laser-based and structured-light systems, deliver a richer set of topological 

data by capturing three-dimensional representations of the part. These systems are particularly valuable for detecting 

surface defects and analyzing part topology in detail. However, their implementation typically demands higher 

investment in equipment and computational resources for data processing [52]. An advanced and interesting 

application of 3D reconstruction algorithms, based on a single camera monitoring set up, was proposed by Malik et 

al. [86]. They developed an innovative 3D vision-based monitoring system for MEX using a single camera mounted 

above the build plate of a PRUSA i3 MK3 printer. This system acquires images layer-by-layer during the printing 

process, which are processed to construct a 3D model of the printed part in real time. The methodology involves 

aligning captured images with G-code simulations to segregate layer information and reconstruct the geometry of the 

current layer. These reconstructed models are then converted into 3D file formats for further analysis. One of the 

significant advancements of this system is its integration with augmented reality (AR) using HoloLens. The 

reconstructed 3D models can be visualized in a mixed-reality environment, allowing users to inspect both surface and 

internal defects layer-by-layer using hand gestures and voice commands. The experimental results demonstrated their 

ability to detect defects, such as geometric inaccuracies and embedded imperfections, during the build process, thereby 

enhancing decision-making and defect mitigation capabilities in real time. Holzmond et al. [87] presented an 

innovative 2D imaging approach using 3D-Digital Image Correlation (3D-DIC). This is an optical technique used to 

measure and analyze deformations, displacements and surface geometry. It involves capturing a series of 2D images, 

typically using multiple cameras, during the manufacturing process to generate point clouds or surface height maps. 

In their work [87], by mounting two cameras on a 3D printer, they captured images of each printed layer. These images 

were processed to generate a point cloud for each layer, which was then compared with an ideal point cloud derived 



 

from the CAD model. This approach effectively identified surface defects such as holes and blobs by analyzing height 

differences between the two point clouds. Ye et al. [88] demonstrated the application of a structured-light scanner 

mounted on a low-cost 3D printer. By utilizing a deep cascade model, they compared point clouds from the 3D scans 

with reference models to evaluate the effects of varying printing parameters on layer quality. This approach highlighted 

the capability of structured light scanning to capture detailed geometric information, enabling precise quality control. 

Similarly, Charalampous et al. [89] used a structured-light scanner integrated with a consumer-grade 3D printer to 

compute the geometric deviation between scanned layers and theoretical layers derived from G-code. Their 

methodology, which involved the calculation of root mean square error and mean absolute error, proved effective in 

identifying geometric inaccuracies. To mitigate the computational demands of analyzing dense point clouds, some 

researchers have proposed rasterizing point cloud data into depth images. These images can then be compared with 

nominal depth images derived from simulations or G-code. For example, Lin et al. [37] employed a laser line scanner 

to monitor depth variations by subtracting theoretical depth images from real ones, effectively detecting over-fill (OF) 

and under-fill (UF) conditions on layer surfaces. Lyu et al. [90] expanded on this approach by feeding rasterized 

images from a red-light profilometer into a convolutional neural network. Their model successfully classified defective 

and non-defective regions based on point height values, showcasing the potential for integrating neural networks into 

3D monitoring workflows. 

 

3.1.4. Research gaps: metrology and 3D scan monitoring in MEX 

The field of metrology in additive manufacturing (AM) faces significant challenges, particularly in Material Extrusion 

(MEX) processes [9]. A key issue is the lack of robust, standardized, and reliable metrics to evaluate part quality 

during manufacturing. Traditional metrological approaches struggle in addressing the novel and unique requirements 

of AM produced parts, which demand in-situ monitoring systems capable of delivering real-time, high-resolution 

assessments of layer quality, defect topology, and process consistency. This deficiency is exacerbated by the absence 

of universally recognized process signatures that could serve as benchmarks for quality assessment and corrective 

actions. Establishing these process-specific metrics is essential for ensuring reproducibility and precision in AM [14]. 

In other words, a critical gap lies in the lack of a well-defined framework for determining what process parameters 

should be measured during the MEX process. Without clear guidelines, establishing process stability and quality 

control becomes increasingly challenging. This ambiguity not only complicates metrological practices but also 

hampers the development of reliable in-situ monitoring systems. Moreover, while functional surface analysis has 

recently been proposed successfully for evaluating surface morphology and defect topology in MEX processes [91], 

its integration into in-situ monitoring systems has yet to be investigated. Functional analysis is a method used to 

characterize the geometric and physical properties of a surface by evaluating its height distribution and related 

parameters. Applied to MEX as a monitoring method, such tools could enhance understanding of layer bonding, 

dimensional accuracy, and mechanical integrity, by detecting the occurrence of defects, providing actionable insights 

about part performance and process optimization. Despite the promising results, literature about functional analysis 

applied as a monitoring tool for AM, in general, needs to be expanded. 



 

In terms of sensors and methods used in monitoring systems for MEX, 3D scanning methods, particularly laser line 

profilometers, offer significant potential for detailed surface analysis, layer surface functional analysis and real-time 

defect quantification. These systems can rapidly acquire extensive topological data, which is vital for in-depth analysis 

of layer morphology. However, as discussed in chapter sed in chapter 3.1.3, much of the existing research focuses on 

rasterized depth images derived from point clouds, often leading to the loss of critical surface details and defect 

morphology. The exploration of high-resolution raw point cloud, which could provide more precise in-situ defect 

characterization and enable real-time corrective methodologies, remains notably limited and it also opens possibilities 

to perform functional analysis, thanks to the high resolution of profilometers. 

To address these gaps, a laser line scanner able to retrieve both 2D profiles and 3D point clouds will be employed as 

a primary sensor in a custom monitoring setup. The high-resolution system enables the acquisition of detailed surface 

data, facilitating the use of functional analysis tools for surface morphology and defect topology evaluation. From this 

analysis, robust and quantitative indexes will be developed, serving as a potential process signature for MEX. The 

goal is not only to improve real-time monitoring and process signatures but also to contribute to advancing 

metrological practices in AM by providing reliable metrics for quality assessment.  

 

3.2. L-PBF in-situ monitoring 

L-PBF is an appealing metal AM technique, and it has obtained significant interest due to its ability to fabricate 

complex, near-net-shape components with high material efficiency [3]. However, as already discussed in chapter 2.2, 

the high number of parameters influencing the process (Fig. 2) introduces challenges in maintaining part quality and 

reliability. Indeed, process monitoring is essential to address these challenges because it enables real-time defect 

detection and process control and optimization. In accordance with [92], and the same as did for MEX, it is possible 

to classify in-situ monitoring for L-PBF in three categories based on the processed signal: acoustic, thermal and optical 

methods.  

 

3.2.1. Acoustic monitoring methods 

Acoustic-based monitoring methods rely on measuring the transmitted or reflected wave intensities propagated 

through the part to determine part properties. Mainly, two techniques have been explored so far for L-PBF monitoring, 

which are ultrasonic testing (UT) and the acoustic emission spectroscopy (AES) techniques. 

 



 

 

Fig. 8: a) UT monitoring system with the ultrasonic probe mounted below the building platform, and the waves reflected are 

associated to the internal porosity of the part [93]; b) AES monitoring system based on a microphone mounted inside the 

building volume and below an example of acoustic measured signal is displayed. Acoustic signals were demonstrated to be 

sensitive to melt and no melt conditions [94]. 

 

Currently, UT is widely used in industrial contexts as NDT to evaluate the fatigue performances of a part during its 

lifecycle. For L-PBF monitoring purposes, an ultrasonic transducer is mounted below the build plate and the ultrasonic 

waves are transmitted through this to the part. The waves reflection is recorded by a combined pulser/receiver unit. 

UT was found to be able to detect the presence of voids/porosity within layers [93,95] by looking at the ultrasonic 

wave reflections (Fig. 8, a). Despite these sensors offer high sensitivity to characterize internal defects, they are 

challenging to implement. On the other hand, AES detects high-frequency sound waves generated by rapid thermal 

and mechanical events during the printing process, usually through a microphone with specific frequency response. 

Ye et al. [96] were able to propose an in-situ monitoring system that relates AES signals with five different defective 

states of the part, such as balling, slight balling, normal state, slight overheating and overheating state. Due to the 

complexity of the recorded signals and to their dependance on multiple factors, often, acoustic signals are analyzed 

by means of machine learning approaches. An example can be found in [94], where the part quality classification 

(poor, medium and high quality) was made by a ML algorithm, based on the part porosity. The part porosity was 

measured thanks to the AES technique (Fig. 8, b) and the monitoring system showed 80% of accuracy in part quality 

evaluation. In general, acoustic techniques are sensitive to environmental noise and they need to be filtered because 

of the high amount of data produced. These limitations limit the wider usage of acoustic sensors for in-situ and real-

time L-PBF monitoring applications, despite the fact that they have been found to be well-suited for internal defect 

detection. 
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3.2.2. Thermal monitoring methods 

Thermal monitoring is a common measuring approach for advanced high-heat exchange processes, particularly used 

when a laser is used as energy source, as in the case of welding, L-PBF or L-DED. In this case, by measuring the 

thermal radiation emission obtained from the interaction between the powder bed or the melt pool and the laser, it is 

possible to gain insight into the thermal gradients present in the L-PBF process because it can have significant 

influence in final part properties, as it is widely discussed in literature [20,92,97]. 

 

 

Fig. 9:Different thermal imaging configuration for L-PBF monitoring: a) Co-axial set-up; b) Off-axial set-up. 

 

In general, it is possible to divide thermal monitoring systems into contact-based and contactless. Contact-based 

sensors, such as thermocouples, are mainly exploited as references to calibrate contactless thermal monitoring 

systems, an example was discussed in [98]. Indeed, thermocouples can effectively measure the real-time temperature 

variations of the part, and by measuring the temperature of the building platform or surrounding areas, they can provide 

reference data that can be used to adjust IR camera readings; by considering factors like emissivity variations and 

atmosphere transmittance but they are limited due to their small spatial coverage and their invasive nature. Very few 

examples of in-situ monitoring systems are discussed in literature. An example was discussed by Dunbar et al. [99] 

that proposed an eclosed system for L-PBF thermal and distortion monitoring through implementing K-thermocouples 

beneath the substrate and the system was able to detect part distortion based on the thermal cycles of the substrate.  

Based on the Plank’s law that relates a blackbody to the wavelength at a certain temperature, contactless sensors, such 

as pyrometers and IR/NIR thermal cameras, are widely explored as monitoring devices for metal AM. According to 

[19], these type of monitoring systems can be divided into co-axial and off-axial sensing, as shown in Fig. 9. Specific 

to L-PBF process, in the co-axial configuration (Fig. 9, a), the sensors share the optical path of the laser source, while 
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in off-axial configuration (Fig. 9, b) the sensor is placed with a given angle-of-view with respect to the region of 

interest. 

Co-axial thermal monitoring systems proved to give valuable insights into the process dynamics, but they are limited 

to melt pool observation because of the configuration of this monitoring system. Early contributions include the work 

of Berumen et al. [100], and Craeghs et al. [101,102], who developed a coaxial thermal monitoring setup utilizing a 

photodiode and a high-speed NIR CMOS camera. This system captured melt pool radiation and enabled the 

determination of both temperature distribution and melt pool geometry. Clijsters et al. [103] further extended this 

work, integrating the same optical system with a partially reflective mirror that reflected the laser beam wavelength 

(1064 nm) while allowing thermal radiation to pass through to the sensors. The use of a high-speed CMOS camera 

and photodiode operating at a sampling rate of 10 kHz provided critical insights into the thermal dynamics of the melt 

pool during LPBF. Indeed, the proposed system was able to give information about the melt pool geometry and thermal 

behavior, temperature distribution and to correlate defect occurrence, such as balling or lack of fusion, with thermal 

variations. Doubenskaia et al. [104] and Chivel [105] introduced co-axial thermal monitoring using a two-wavelength 

pyrometer to measure melt pool intensity and temperature distribution. Their system, equipped with photodiodes, 

enabled temperature measurements. By integrating a CCD camera to capture brightness of profiles, this system 

achieved a sampling frequency of 20 kHz, which allowed precise thermal characterization of the melt pool during the 

deposition process. Further advancements in thermal monitoring include work by Thombansen et al. [106], who 

incorporated a coaxial laser illumination system alongside thermal sensor. Their systems enhanced visualization and 

detection of the melt pool temperature while minimizing optical distortions due to chromatic aberrations. Additionally, 

a high-speed IR camera was used to measure the melt pool temperature distribution and analyze heat radiation patterns 

during the L-PBF deposition process. Once again, temperature anomalies were correlated with defective conditions, 

such as lack of fusion or over-melting. Significant results were found by Mohr et al. [107], who investigated a coaxial 

monitoring set-up combining infrared thermography and optical tomography (OT). The study integrated both 

techniques as real-time in-situ voids and pores detection. Thermography proved to be suitable to pores detection based 

on the temperature distributions while OT struggled in pores detection but was reliable in terms of melt pool geometry 

and surface features observation. The findings highlight the advantages of combining these two sensor systems, 

offering a comprehensive approach for identifying potential defects both thermally and geometrically. However, the 

study also notes limitations related to data processing speed and sensitivity to environmental noise. 

Despite the important information gathered thanks to coaxial thermal monitoring systems about the melt pool, a 

significant limitation related to these systems is their limited capability to monitor only melt pool-related signature. 

But, as discussed in chapter 2.2.1, there are other process signatures alongside the melt pool that are related to defect 

formation and are worth investigating to understand better the process and defect formation mechanism. Due to the 

limitation on process signatures that can be measured with coaxial monitoring systems, off-axial monitoring systems 

have been also developed and related to defective conditions. Usually, these systems are of easier implementation 

compared with coaxial systems because they are mounted outside the building volume and optical filters are used to 

reduce noise phenomena. This makes these systems able to acquire information about the laser scanning path, the 

entire layer surface, the spatter production and the powder bed after the deposition of a new layer of powder and 



 

correlate with common defects. Krauss et al. [108,109] and Lane et al. [110] used IR cameras positioned off-axially 

to monitor the heat-affected zones and areas surrounding the scan path. These studies demonstrated that thermal videos 

could be used to identify defects caused by irregular energy distribution, such as lack-of-fusion and overheating. An 

example of pyrometers used for powder bed monitoring can be found in Islam et al. [111] highlighted the role of 

temperature variations in identifying uneven powder bed deposition, which is an indicator to layer non-uniformity and 

lack-of-fusion defects. The pyrometer enabled the precise detection of spatial temperature gradients. Schwerdtfeger 

et al. [98,112] used an IR camera to detect surface flaws and irregularities in scanned slices, linking temperature 

anomalies to incomplete melting and porosity formation. Similarly, Rodriguez et al. [98] analyzed the temperature 

distribution across the build platform to detect subsurface defects, such as porosity and thermal-induced cracking. A 

significant result was proposed by Grasso et al [113] that used a high-speed camera to infer local pixel intensity as a 

representation for temperature, enabling the identification of overheating regions that could compromise dimensional 

accuracy. This method proved effective for identifying overheating defects during slice development, which can 

compromise dimensional accuracy and result in warping or distortion. Cheng et al. [42] employed a near-infrared 

(NIR) thermal imager to capture the temperature distribution and melt pool characteristics. The imager allowed the 

identification of melt pool dimensions by analyzing the liquidus-solidus phase transition. This study demonstrated the 

feasibility of linking thermal signals to defect-related phenomena, which are directly related to melt pool variation in 

geometry and temperature as discussed above, such as irregular heat input causing porosity or lack of fusion. Despite 

this, they highlighted the limitation of the system in measuring the real absolute temperature because of the several 

factors that affect the temperature measurements and the difficulty performing the calibration method. 

These contributions highlight the importance of thermal monitoring systems in identifying defect-related conditions, 

ensuring process stability, and enabling improved part quality in L-PBF processes but an important limitation to take 

into account of thermal cameras is their limited spectral sensitivity, their sensitivity to light reflection and radiation 

caused during the deposition process and low spatial resolution and field of view (FOV), their higher cost with respect 

to visible high-resolution cameras and the challenges related to the calibration process.  

 

3.2.3. Optical monitoring methods 

An important group of monitoring systems and methods discussed in literature is represented by optical monitoring 

systems. They have been widely explored for their ability to capture melt pool dynamics, surface features, and powder 

bed quality during the L-PBF process. It is important to point out that optical sensors have been used also for thermal 

monitoring as was discussed in the previous chapter, but they are not limited to just temperature measurement, as will 

be discussed below. In this paragraph, the state of art of different types of optical sensors will be presented by grouping 

monitoring system that exploits the same sensor to gather data. 

High-speed cameras are integral to L-PBF monitoring, offering very high frame rates for capturing transient melt pool 

behaviors and spatter dynamics. These systems can be mounted in co-axial configurations along the laser optical path 

or in off-axial setups outside the build chamber. Co-axial high-speed camera setups, as demonstrated in [103,114], 

allow the melt pool to appear stationary within a limited field of view (FoV) during laser scanning, focusing on precise 



 

melt pool geometry, as already discussed for thermal coaxial monitoring systems. However, they require integration 

into the laser scanning system and calibration to address perspective distortions. Off-axial configurations [115–119] 

provide a broader FoV, capturing additional process information such as spatter and plume behavior, but require 

techniques like coordinate transformation to track the rapidly moving melt pool. High-speed cameras have been used 

to extract key process signatures, such as melt pool width, height, area, aspect ratio, and penetration depth [119,120]. 

Kruth et al. [121] identified that excessive melt pool aspect ratios indicate a tendency for balling defects, while large 

melt pool areas in loose powder regions correlate with overheating, elevated edges, and poor down-facing surface 

quality [113]. Machine learning (ML) techniques have further enhanced the utility of high-speed imaging monitoring 

systems by enabling automated defect prediction. For instance, k-means clustering and support vector machines 

(SVMs) have been employed to classify defects based on melt pool dimensions and thermal anomalies [113,116]. 

Interferometry-based monitoring systems rely on the interference phenomenon caused by super-position of waves. In 

terms of L-PBF monitoring optical coherent tomography (OCT) have been explored. The interferometry sensor was 

installed coaxially with the laser beam while the camera can be placed off-axis, and the interference is only possible 

if optical paths are matched to be equal in length within the short coherence length. Those systems have been exploited 

for detailed geometric and subsurface monitoring. Indeed, OCT systems provide depth profiles by analyzing 

interference patterns generated by light reflected from the melt pool and the powder bed. Kanko et al. [122] utilized 

OCT to characterize scan track geometry and detect denudation zones, while Guan et al. [123] extended its application 

to subsurface defect detection, identifying voids and measuring their dimensions up to 400 μm below the part surface. 

High-resolution imaging monitoring techniques play a crucial role in monitoring the quality of parts produced via L-

PBF. A typical setup involves a high-resolution camera mounted above the build platform, enabling the capture of 

detailed layer-wise images after powder spreading and fusion processes. This configuration allows for the inspection 

of powder bed uniformity and part surface quality, with proper illumination being a critical factor to enhance contrast 

in elevated regions and surface textures [124–127]. Zur Jacobsmuhlen et al. [124] proposed a monitoring system made 

from an off-axis high-resolution CCD camera and different light source placed in different spots inside the building 

chamber. They proved that, by observing the powder bed and the fused layers, defective conditions, such as super-

elevated edges, surface irregularities and other defects, were highly dependent on illumination directions since proper 

illumination can enhance the contrast of elevated regions and part surface texture. The latest researches have proven 

the great compatibility of imaging monitoring systems with machine learning algorithm for real-time data processing. 

Based on this, High resolution-based monitoring techniques can be divided into two primary approaches that have 

been developed for defect detection using high-resolution imaging: classification-based methods and segmentation-

based methods. Classification-based methods rely on extracting representative image features, such as Histogram of 

Oriented Gradients (HOG), DAISY, and Local Binary Patterns (LBP), which are then processed by machine learning 

classifiers like Random Forest, Support Vector Machines (SVMs), and Stochastic Gradient Descent to identify defect 

regions [127]. Supervised feature extraction techniques have also been proposed to reduce high-dimensional data for 

more efficient classification [128]. Caggiano et al. [129] utilized a bi-stream Convolutional Neural Network (CNN) 

to analyze powder bed and part fusion images, achieving a surface condition classification accuracy of 99.4%, 

underscoring the effectiveness of deep learning in defect detection and real-time application. Segmentation-based 



 

methods provide a more detailed analysis by classifying individual image patches or pixels into defect categories 

[130–132]. This approach enables not only the determination of defect occurrence, like cracks, voids or surface 

irregularities but allows for precise measurement of the size, shape and the extent of the defect. They also provided 

image distortion correction algorithms, to compensate for non-correct measure because of the perspective (as it 

happens when the camera is mounted off-axis) and the camera lens distortion. In other works, Gobert et al. [133] and 

Lu et al. [134] stacked layer-by-layer detection results in constructing a 3D defect model, which was validated against 

computed tomography (CT) scans. Their method involved reducing perspective distortion because of the off-axial 

nature of the monitoring setup, extracting fusion areas using graph-based [135] and active contour methods [136,137], 

and localizing defects layer by layer. This process allowed for accurate defect volume estimation, offering an 

advantage over traditional classification-based methods.  

 

 

Fig. 10: Main 3D reconstruction techniques: a) Stereo-vision system; b) 3D scanning and c) Fringe projection system.  

 

3D reconstruction techniques have become interesting for L-PBF monitoring applications due to their ability to 

provide precise spatial data about printed layers, enabling the detection, localization, and quantification of defects. 

Techniques such as stereovision, fringe projection, and digital image correlation (DIC) have been explored for their 

high spatial resolution and insights into process dynamics. In Fig. 10 the main 3D reconstruction techniques used for 

AM monitoring are shown. On the contrary of MEX technology, 3D scanners have been barely explored as L-PBF 

monitoring systems. An example of 3D scanner applied for PBF monitoring is proposed in [138] where a 2D 

displacement sensor (Fig. 10, b) was applied to monitor the 3D powder bed topography. The sensor relays on the 
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triangulation principle to obtain the 3D coordinate of the scanned points and the scanned surface flaws were detected 

with a good resolution and related to bed inhomogeneities. The same triangulation principle is exploited by 

stereovision monitoring systems by using multiple cameras to reconstruct 3D geometries. In terms of monitoring 

related to L-PBF promising results have been found by applying direct image correlation (DIC) algorithms. In this 

context, Bartlett et al. [139] proposed a system where two high-resolution CCD cameras were mounted 

stereoscopically in an off-axis configuration within an EOS M290 machine. The cameras provided a field of view 

large enough to capture the full surface of the build platform, enabling precise monitoring of residual stress 

development. Using the natural surface texture of the printed parts, DIC measured deformations caused by thermal 

cycles, revealing the heterogeneous distribution of residual stresses. These stresses were shown to depend on laser 

scanning strategies and layer-by-layer thermal gradients. The system provided valuable insights into stress 

accumulation mechanisms, validated with X-ray diffraction to a high degree of accuracy. In another study, Bartlett et 

al. [140] expanded on this concept to focus on powder bed anomalies. The system, also mounted in an off-axis 

configuration, utilized DIC to detect irregularities such as insufficient powder spreading and pileups. These powder 

bed anomalies were strongly correlated with defect formation in the final parts, including lack of fusion defects. The 

ability to predict defect formation through powder bed monitoring demonstrated the potential of stereovision systems 

combined with DIC algorithms for real-time quality assurance in L-PBF processes. Another important 3D 

reconstruction-based monitoring system is the fringe projection method (Fig. 10, c). Fringe projection offers a 

monitoring approach for reconstructing layer geometries and monitoring defects geometry. By projecting grating 

fringes onto the surface of the powder bed or fused layers and analyzing the modulated patterns captured by a high-

resolution camera, mounted with an angle relative to the projector, this method provides precise height measurements. 

Zhang et al. [141] proposed a fringe projection system integrated into an L-PBF testbed developed by Edison Welding 

Institute. Their setup included a digital fringe projector, inclined at a relative angle to the camera, and a high-resolution 

machine vision camera (PointGrey Flea3, 4096 × 2160 pixels) mounted on top of the powder bed. The camera, 

positioned approximately 200 mm above the powder bed at an oblique angle of 35°, captured sinusoidal light patterns 

projected onto the surface. The system provided detailed insights into process signatures, including powder bed 

flatness, height variations in fused regions, edge roughness, and spatter distributions. It demonstrated the capability to 

track layer-by-layer changes in surface characteristics, offering critical data for quality control despite the shape of the 

printed part. However, challenges included optimizing the projector and camera alignment and addressing specular 

reflections from metallic surfaces, which could interfere with accurate measurements. An example of fringe projection 

and stereo vision combination was explored by Li et al. [41] that proposed a fringe projection-based monitoring 

method by employing a binocular stereo vision system combined with Enhanced Phase Measuring Profilometry 

(EPMP). Their setup featured two high-resolution CCD cameras positioned at calibrated angles to the powder bed, 

paired with a fringe projector. This configuration allowed for capturing fringe images during both the powder 

spreading and laser fusion phases of L-PBF. The EPMP method enhanced efficiency by requiring fewer images for 

accurate reconstruction, while a slice model-assisted contour detection algorithm improved precision and reduced 

processing time. This system enabled quantitative analysis of defects such as recoater grooves, insufficient powder 

deposition, and warping. Additionally, the layer-by-layer reconstruction of 3D contours facilitated detailed evaluation 



 

of surface quality and slice geometry, making it a robust tool for defect monitoring. While fringe projection systems 

offer significant advantages in providing high-resolution topographical data, they are not without limitations. The 

accuracy of 3D reconstructions heavily depends on precise calibration of the projector and camera, which can be a 

hard process because of the limited dimension of building chambers. Specular reflections from metallic surfaces in L-

PBF can distort the captured patterns, reducing measurement reliability. Most of all, the computational cost associated 

with processing high-resolution data for real-time applications remains a challenge that prevents these systems from 

being widely used. As discussed, the 3D reconstruction during the monitoring provides important information about 

the part quality, which can speed up post-processing applications because it would help in the part characterization 

without using off-line high-cost and time-consuming measuring instruments, such as CT scanner for example. An 

interesting approach for L-PBF monitoring is the so-called Optical Tomography (OT). 

 

 

Fig. 11: a) Principle of OT technique; b) Long-time exposure of traffic at night; c) long-time exposure of single layer production 

during L-PBF process [142]. 

 

This technique is an advanced contactless monitoring technique that captures the spatial and temporal distribution of 

emitted or reflected light from a laser-powder interaction zone during the LPBF process by sampling increasing the 

exposition time, as it is shown in Fig. 11. It uses industrial cameras, often in the near-infrared (NIR) or visible range, 

to monitor the entire build area or specific regions. By analyzing the captured light intensity and distribution, optical 

tomography can detect process signatures and, one of its main advantages lies in providing layer-by-layer insight into 

process stability and part quality without interrupting the manufacturing process. Furthermore, the OT provides a valid 

means to extract the 3D geometry of the part by only using a single camera, reducing high computational time 

compared with 3D reconstruction monitoring systems discussed above. Bamberg et al. [142] proposed the first OT 

approach as an in-situ process monitoring system. They showed how this method was possible to detect size and 

location of defects, due to induced lack of fusion, and part geometry in-process. They also proved that by combining 

statistical evaluation with the output images obtained from the camera it was possible to apply OT as reliable in-situ 

monitoring system for L-PBF. More recently, Guerra et al. [33] proposed a refined OT approach, named High 

Resolution Optical Tomography (HR-OT). The setup utilized a single off-axis high-resolution camera and a 

a) b) c)



 

specialized lens configuration capable of achieving a resolution of 26 μm/pixel over a field of view of approximately 

160 × 105 mm. This setup allowed the entire working area to be monitored with better detail, outperforming typical 

configurations found in the literature. Results showed that HR-OT effectively captured the onset of deformations and 

offered a robust overlap with data from post-process photogrammetric 2D/3D analyses, validating the system's 

accuracy. While in previous work [142] the OT was used for detecting volumetric defects like lack of fusion and 

keyhole porosity, this study demonstrated the technique's potential for monitoring geometric distortions, caused by 

overhanging surfaces. Additionally, HR-OT high resolution and field of view reduced the computational burden often 

associated with 3D reconstruction systems, offering a more efficient solution for real-time monitoring. 

 

3.2.4. Research gaps: Lattice structures monitoring methods 

Despite the big extend of monitoring systems and techniques discussed so far in literature, lattice structures, due to 

their complex geometry and small feature details, present significant challenges for in-process monitoring in Additive 

Manufacturing (AM). Lightweight structures printed by L-PBF are highly prone to defect occurrence because of 

several factors. First of all, the fine dimensions of their struts result in a very small thermal mass, which means they 

rapidly heat up and cool down. These rapid thermal cycles can lead to high thermal gradients and, as consequence, 

residual stresses, increasing the possibility for incomplete fusion or residual porosity. Moreover, their complex 

geometries, featuring numerous overhanging surfaces, make it challenging to achieve uniform energy distribution 

during laser exposure. These inconsistencies can often result in lack of melting in some regions, balling phenomena 

and microstructural inhomogeneities. Furthermore, the powder bed itself provide less effective heat conduction 

compared to a solid substrate, making the cooling process more complicated. The combination of these contribute to 

the high defect susceptibility of lattice structures in L-PBF processes. 

Traditional methods such as X-ray computed tomography (XCT), optical microscopy, and Scanning Electron 

Microscopy (SEM) have been used for post-process defect detection, focusing on dimensional accuracy, surface 

quality, and porosity [143]. Among these, XCT has proven to be the most effective for assessing both external and 

internal defects within lattice structures [14] without compromising part integrity. Several studies have focused on 

using XCT for analyzing lattice structures. For instance, Lozanovsky et al. [47] analyzed the geometrical and internal 

properties of a Face-centered cubic (FCC) lattice structure through X-ray microcomputed tomography (μCT) cross-

sectional images. They used a custom tool capable of classifying the nodal geometry and its relative defects, providing 

valuable insights into the structural integrity of lattice designs. Jost et al. [48] used XCT to study the evolution of 

global and local deformation during a compression test of an Octet-Truss (OCT) lattice structure, which helped them 

better understand the failure mechanisms occurring during a loading process. Colosimo et al. [44] proposed a novel 

methodology for statistical quality monitoring of lattice structures, detecting out-of-control geometrical distortions by 

analyzing local variations within the part. While their approach was useful for in-situ monitoring data analysis, it still 

relied on XCT for data acquisition. A big limitation is that XCT is costly, time-consuming, and offline, making it 

impractical for real-time monitoring during the manufacturing process. This limitation is particularly problematic in 

AM, where process defects, which are very likely to occur, especially when complex geometries characterized by 



 

several overhanging walls such as lattice structure, can lead to material and energy waste, delays during production 

phases, and cost inefficiencies because the process is not optimized. 

With the increasing adoption of L-PBF for lattice structure fabrication, there has been a growing need for in-process 

monitoring systems capable of detecting geometric and dimensional inaccuracies as they occur. Current research on 

lattice structure monitoring has highlighted the necessity of real-time defect detection, particularly for complex 

geometries such as strut diameter, inclination angle, and axis waviness, which significantly impact the mechanical 

properties of the structures [45]. To cope with this lack of reliable in-situ monitoring systems, in this thesis, research 

activities trying to address and propose a robust and reliable solution to this need were done and will be discussed in 

detail in chapter 5, by exploiting and improving a promising HR-OT monitoring system. 

 

3.3. L-DED Monitoring  

L-DED is an interesting AM technique that provides significant advantages in terms of material utilization and 

production flexibility. One of the key advantages lies in its ability to create dense, high-quality deposition layers with 

minimal dilution between the substrate and the deposited material, which ensures robust bonding and good structural 

integrity, even in complex geometries. L-DED is particularly effective for working with a wide range of materials, 

such as metal alloys and composites, allowing for tailored solutions to meet custom mechanical and chemical feature 

requirements. Moreover, the technology is highly adaptable in different applications, like coating, repairing and rapid 

prototyping of large components, making L-DED suitable for aerospace, automotive and biomedical industries, where 

high material efficiency, performance and customization are required. 

Unlike L-PBF, which is characterized by a highly localized and transient melt pool, L-DED employs a larger melt 

pool and slower movement speeds, facilitating different monitoring approaches [29,144]. Additionally, the coaxial 

powder feed system in L-DED introduces complexities such as powder-flow interaction, necessitating specialized 

monitoring methods [144] and the space available to mount monitoring setup is usually bigger compared to the other 

two considered AM technologies. Monitoring in L-DED, same as already discussed for MEX and L-PBF, plays a 

crucial role in ensuring part quality, process stability and defect detection and prevention. Unlike MEX and L-PBF 

monitoring, which primarily focus on acoustic/vibrating, thermal and optical signals, L-DED monitoring encompasses 

a broader range of signal categories. These include X-ray signals for subsurface defect characterization, plasma 

spectral analysis for material composition and process dynamics, acoustic emission waves for crack detection, thermal 

data for temperature distributions, and optical systems for morphological measurements and real time control. For this 

reason, the discussion on monitoring methods for L-DED will be structured around these five categories of signals. 

This approach aims to highlight the advancements in each area while addressing the challenges posed by L-DED 

process, thus providing an overview of in-situ monitoring systems and presenting research gaps left open from the 

current literature. 

 



 

3.3.1. X-ray monitoring methods 

X-ray imaging is an advanced and effective technique for in-situ monitoring of L-DED processes. It provides critical 

insights into the internal structure of materials and the dynamics of defect formation [145]. When a polychromatic X-

ray beam passes through the part under inspection, a scintillator converts the beam into visible light, which is captured 

by a high-speed camera to generate detailed visualizations. This enables real-time analysis of melt pool behavior, 

powder flow, and defect evolution [146,147]. For instance, Wolff et al. utilized two X-ray imaging monitoring setups 

[145,148] to investigate the effects of different powder flow rates on melt pool fluctuations and porosity. Their 

experiments revealed that lower powder flow rates resulted in porous structures, while higher flow rates led to more 

pronounced surface fluctuations on the melt pool. In subsequent work, high-speed X-ray imaging was used to classify 

pore-generation mechanisms, offering valuable data to inform process improvements. Lindenmeyer et al. [149] 

introduced an innovative monitoring approach using an edge-image template combined with Bayesian inference to 

automatically extract the shape and size of the melt pool. This technique mitigated the labor-intensive task of manual 

data analysis, though it remained susceptible to noise interference, highlighting areas for further optimization. Chen 

et al. [150] employed synchrotron X-ray-based monitoring technique to examine how laser power, powder feed rate, 

and scanning speed influence melt pool morphology in titanium alloy deposition. Their monitoring method was also 

able to capture information such as powder sintering and pore formation. Same authors in a different work [151] 

involved quantifying key deposition features using X-ray diffraction, enabling the isolation of melt pool temperature 

gradients and phase transition sequences, thereby providing deeper insight into the stress states of L-DED deposited 

layers. 

X-ray-based monitoring continues to gain traction due to its unmatched ability to visualize internal defects and capture 

real-time kinetic interactions in the deposition process, fostering a deeper understanding of the process and supporting 

the development of more reliable and efficient manufacturing solutions. Furthermore, alongside imaging, other X-ray 

techniques, such as X-ray diffraction and Small-Angle X-ray Scattering (SAXS), have been applied to study 

solidification kinetics and precipitation behavior during L-DED [152]. While these methods show significant results 

for online monitoring, their implementation is hindered by the high cost and complexity of equipment, and strict safety 

requirements associated with X-ray systems. Custom-designed setups are often necessary to integrate X-ray 

monitoring effectively into L-DED. 

 

3.3.2. Plasma spectral monitoring methods 

Plasma spectral monitoring is an advanced technique for in-situ analysis of L-DED processes. This approach leverages 

the emission of plasma generated during laser-material interactions to gather critical information about the material 

composition at an atomic level, melt pool dynamics, and defect formation. Plasma spectral signals, characteristic of 

the atomic species and excitation states, offer low dependance on background noise compared to image- and 

temperature-based monitoring methods [153,154] and can provide rich physical data at the atomic level alongside 

high degree of versatility and adaptability [155,156].  

 



 

 

Fig. 12: Diagram of the detection of laser-induced plasma.[157]  

 

Two primary sensors are commonly used in plasma spectral monitoring for L-DED: photodiodes and spectrometers, 

with an example of the set up showed in Fig. 12. Photodiodes, known for their fast response times and simplicity, are 

often used to monitor the intensity of light signals emitted from the melt pool. For instance, Miyagi et al. [158] 

employed photodiodes integrated within the laser head to measure the intensities of thermal radiation, plume 

emissions, and laser reflections. By correlating these intensities with process parameters such as laser power and melt 

pool width, a feedback control system for thermal radiation was established. Similarly, Lin et al. [159] and Bi et al. 

[160,161] utilized photodiodes to monitor thermal radiation energy, establishing its relationship with melt pool 

temperature. Spectrometers provide a more detailed analysis by capturing light signals across multiple wavelengths, 

enabling elemental composition characterization. Spectrometers have been used to propose a novel monitoring 

methodology for L-DED, named Laser-Induced Breakdown Spectroscopy (LIBS), which is one of the most widely 

used. LIBS has gained prominence for its ability to perform contactless, real-time analysis of plasma. Lednev et al., 

in two subsequent works [162,163], developed a LIBS-based monitoring system mounted off-axis to analyze melt 

pool plasma, distinguishing between optimal and defective depositions through spectral intensity differences. These 

findings underscored the technique’s ability to identify defects such as cracks and pores in real time. However, the 

system required offline calibration, and its application to processes like L-PBF was constrained by challenges due to 

the limited space inside the building volume. Ni et al. [164] used LIBS to study the spectral intensity of aluminum 

ions during high-entropy alloy deposition under varying scanning speeds. Their results demonstrated that spectral 

intensity could effectively represent the depth of the deposition layer, highlighting LIBS’s potential for process 

optimization in L-DED. Sdvizhenskii et al. [165] extended this methodology by focusing on the metal powder flow 

instead of the melt pool, reducing interference from blackbody radiation and laser reflections. However, their study 

revealed that the heterogeneous powder density necessitated continuous optimization of LIBS sampling points through 

two-dimensional mapping. 

Another promising technique is Optical Emission Spectroscopy (OES), which offers higher spectral resolution than 

LIBS and allows for the analysis of subtle changes in material composition at greater depth than LIBS. However, OES 

generates large volumes of data, complicating the extraction and categorization of meaningful information [166,167]. 

Wang et al. [168] addressed these challenges by developing calibration models for spectral line intensity ratios to 

compensate for deviation caused by vapor pressure variations during the metal powder deposition for the L-DED 



 

process, which was studied in [169]. Similarly, De Baere et al. [170] confirmed the absence of detectable plasma 

information under low energy conditions, emphasizing the need for adequate laser power in plasma spectroscopy for 

reliable online monitoring systems for L-DED processes. Song et al. [157] developed a monitoring system using a 

support vector regression (SVR) model to predict elemental concentrations based on spectral intensity ratios and 

integral features. Their experiment demonstrated that high-dimensional features provided better prediction accuracy, 

particularly in low-concentration regions, compared to simpler models. 

Overall, plasma spectral monitoring offers significant advantages for L-DED, providing detailed insights into 

elemental composition and melt pool behavior while enabling the detection of defects and process inconsistencies. As 

research continues, improvements in data processing and equipment design are expected to enhance the feasibility and 

reliability of this technology for real-time quality control in L-DED. Despite its potential, plasma spectral monitoring 

in L-DED faces challenges, including the high cost and complexity of the required equipment. Additionally, variations 

in vapor pressure above the melt pool can cause deviations in measured elemental compositions, necessitating 

calibration models such as those developed by Wang et al. to improve accuracy [169]. These calibration efforts are 

critical for addressing errors in low-concentration regions and for expanding the applicability of spectral monitoring 

to advanced alloys and refractory materials [170]. 

 

3.3.3. Acoustic emission monitoring methods 

Acoustic Emission (AE) monitoring is a well-established technique used to assess material behavior, defect formation 

and machine state, as already discussed in 3.1.1 and 3.2.1. Also, for L-DED processes, AE sensors have been used to 

propose monitoring systems and methodologies, which will be analyzed in this paragraph. By detecting minute 

acoustic wave signals generated by the material under stress, temperature or pressure [76], AE monitoring methods 

proved valuable insight into the internal features of the printed part. These signals, which are generated by events such 

as cracking, pore formation, material deformation and defective machine states [171–173], are captured using highly 

sensitive contact [174] or contactless [175] sensors. Contact sensors, typically more affordable, are mounted directly 

on the substrate or on the uppermost surface of the part to measure acoustic signals. However, their usage in high-

temperature processes, as happens for L-PBF or L-DED, requires additional cooling systems, such as waveguide rods 

or water circulation. Contactless sensors, such as laser vibrometer and optical microphones, offer NDT but are more 

expensive and sensitive to environmental conditions than contact-based sensors. Gracia de la Yedra et al. [175] used 

a laser vibrometer and an optical microphone to monitor layer cracking caused by thermal stress and heat-affected 

zone (HAZ) cracking. Their approach validated crack analysis using normalized acoustic energy images and identified 

correlations between cracks, coating area, thickness and cooling rates. Strantza et al. [176] focused on AE-based crack 

extension monitoring method, by linking AE parameters, such as amplitude and duration, to the location of the crack 

formation. Gaja et al., in subsequent works [171,172] collected AE signals during mixed-metal powder deposition 

process and differentiated between signals generated by pores and cracking, by using ML models like K-Means 

clustering algorithms, further validating the utility of AE monitoring for defect diagnosis [174]. Li et al., in multiple 

works [173,177] explored the relationship between process and parameters and AE signals, constructing a deep 



 

learning model named SRCD to detect crack defects with an accuracy of 99.76%. Additionally, using the t-SNE 

algorithm, they optimized both time and frequency domain, achieving classification accuracy above 89% under 

different process parameters. Whiting et al. [178] developed a powder mass flow monitoring system by integrating a 

contactless AE sensor into the powder feed line. Their system demonstrated a strong correlation (0.985) between AE 

signals and powder flow rates, emphasizing the versatility of AE monitoring systems process stability characterization.  

In summary, AE monitoring proved to be a powerful tool also for L-DED in-situ real time monitoring and detecting 

defects like cracks and pores, especially if ML algorithms are used. However, the weak nature of AE signals requires 

a highly sensitive and often costly setup for reliable acquisitions. Environmental noise and interference can also 

compromise signals accuracy, particularly for contactless sensors. Furthermore, contact sensors face challenges in 

adapting to the high-temperature conditions of L-DED processes, necessitating complex cooling mechanisms that add 

system complexity and cost [173–175]. 

 

3.3.4. Thermal monitoring methods 

Thermal monitoring is a critical aspect of Laser-Directed Energy Deposition (L-DED) processes, where high 

temperatures and complex heat exchange phenomena occur during the interaction between the laser and powder. For 

instance, the melt pool is created after the interaction of the laser beam with the metal power in a localized area [179]. 

These thermal dynamics are necessary to understand melt pool behavior, material bonding, and defect formation, like 

the thermal monitoring methods observed in L-PBF. Effective thermal monitoring provides insights into temperature 

distribution, cooling rates, and microstructural changes, which are essential for ensuring part quality and process 

consistency. 

To perform thermal monitoring for L-DED, as already discussed in 3.2.2, several sensors are commonly used for 

thermal monitoring in L-DED, each offering unique capabilities. Contact-based sensors, such as thermocouples, are 

often used to measure substrate temperature but are unsuitable for directly monitoring melt pools due to their limited 

temperature range and slower response times [180]. These are well suited for capturing thermal history over long 

periods but are less effective for high gradient, dynamic melt pool monitoring. For instance, Thawari et al. [181,182] 

used type K thermocouples and laser displacement sensors to monitor substrate temperature and deflection during clad 

deposition. Their studies revealed that substrate fixation methods significantly impacted deflection and temperature 

gradients, with preheating substrates improving thermal gradients and deposition performance. However, their 

analysis lacked validation of the mechanical properties of the deposition layers. Contactless sensors, including 

pyrometers and IR thermography cameras, are preferred for in-situ monitoring the high-temperature, dynamic melt 

pool. These devices measure temperature based on one or more infrared radiation wavelength and can provide detailed 

spatial and temporal data on temperature distributions of the surface [183,184]. Muvvala et al. [185,186] recorded 

thermal cycling during L-DED using a single-spot, monochromatic pyrometer. They examined the effects of scanning 

speed and laser power on cooling rates and melt pool behavior. Their findings demonstrated that slower cooling rates, 

induced by lower scanning speeds, led to the decomposition of TiC and the formation of brittle structures with poor 



 

wear resistance. The study also explored different laser waveforms, showing that modulated power signals could refine 

particle coatings and improve material properties. 

IR cameras are divided into two main types: photon detectors, which directly convert IR photons into electrical signals, 

and thermal detectors, which absorb heat to generate electrical signals. Photon detectors offer higher sensitivity and 

frame rates but require advanced cooling techniques, like cryogenic cycles, making them very expensive. Thermal 

detectors, even if less sensitive, are generally sufficient for monitoring the high temperature variations characteristic 

of metal AM processes. Bi et al. [161] investigated the relationship between temperature signals and the main process 

parameters, including laser power, powder feed rate, and scanning speed. Their results showed a strong correlation 

between temperature distribution and dilution, indicating that in-situ temperature monitoring could directly reflect 

powder-matrix bonding and influence part properties, in accordance with what found in [187]. Doubenskaia et al. 

[188] measured brightness temperature in the melt pool using infrared thermography, applying the gray-body 

assumption to determine true temperature distributions. Their results revealed that increasing laser power expanded 

the heat-affected zone (HAZ) and track width, emphasizing the role of thermal monitoring in optimizing laser 

parameters for uniform deposition. 

Thermal monitoring remains a fundamental tool for understanding and controlling L-DED processes. Continued 

research into advanced sensing technologies and hybrid monitoring methodologies is essential for addressing current 

limitations and enhancing the precision and reproducibility of additive manufacturing. Recent advancements in senor 

fusion monitoring systems have combined thermal imaging with other sensing techniques to overcome these 

challenges. For instance, Xu et al. [189] developed a multi-source image monitoring system integrating infrared 

thermography and high-speed cameras. By extracting complementary features from both sensors, they achieved a 

classification accuracy of 99.5% for melt pool and splash characteristics, demonstrating the potential of integrated 

thermal monitoring systems in improving process reliability and defect detection. Other examples were proposed and 

discussed by Tang et al. [190] and Song et al. [191,192] that introduced advanced monitoring and control systems to 

enhance the accuracy of L-DED processes based on sensor fusion. Tang et al. [190] developed a layer-to-layer control 

strategy, while Song et al. proposed a multi-source hybrid monitoring system that integrated temperature data from 

cameras. Both approaches demonstrated significant improvements in the dimensional precision of printed parts. 

However, despite their advantages, thermal monitoring techniques face limitations mostly related to emissivity. 

Pyrometers provide high response rates but lack the ability to visually characterize internal defects, and single-input-

single-output (SISO) systems relying solely on temperature data struggle to ensure consistent track morphology across 

multiple layers. Cameras, while offering visual process information, are sensitive to environmental noise, reflections, 

plasma arcs, and powder flashes, which can affect image quality and data accuracy [193,194]. Indeed, the emissivity 

of a surface, which affects the accuracy of temperature readings, varies with temperature and material state. In L-DED 

where temperatures can fluctuate dramatically, assuming a constant emissivity can introduce errors. For this reason, 

calibration techniques, such as correlating emissivity at know solid temperatures, are often employed to improve 

accuracy, but introducing complexity into the thermal monitoring system [195].  

 



 

3.3.5. Optical monitoring methods 

Optical monitoring methods are paramount in L-DED monitoring because of their contactless nature and ability to 

capture high-resolution data about melt pool, clad geometry and surface conditions [196]. These methods are supposed 

to ensure part quality and process control by providing real-time feedback during manufacturing. Unlike other 

monitoring approaches, optical systems can simultaneously offer detailed spatial and temporal information, making 

them particularly well-suited for the dynamic and high-temperature environment of L-DED. This section focuses on 

optical monitoring techniques, categorized into coaxial and off-axis-based methods. The main sensors used for optical 

monitoring are charge-coupled device (CCD) and complementary metal oxide semiconductor (CMOS) cameras [197]. 

CCD cameras use a photosensitive element to convert visible light into an electrical signal, which is further converted 

into a digital image signal by an A/D converter; CMOS cameras use each pixel unit on the image sensor and internal 

integrated circuits to convert the signal, and are more highly integrated than CCD cameras, with lower power 

consumption and cost, but are usually less sensitive than CCD cameras. These sensors are used to develop optical 

monitoring systems both coaxial and off-axis. 

Coaxial monitoring setups have been studied in L-DED due to their ability to capture detailed information about the 

melt pool and its surroundings. In these configurations, the optical axis of the monitoring system coincides with the 

laser beam path, allowing light reflected from the surface to be redirect through semi-transparent mirrors or filter-

mirror combinations to the optical sensor [100]. This setup ensures precise alignment with the process zone, enabling 

localized, high-resolution monitoring of critical parameters such as melt pool size, shape and dynamics. Moralejo et 

al. [198] employed a coaxial CMOS camera to monitor the melt pool size, with the captured data calibrated and 

processed to extract dimensional features. These features were then used as control parameters for a feedforward 

controller, optimizing laser power to mitigate issues such as excessive dilution caused by thermal accumulation. 

Similarly, Hofman et al. [199,200] explored the correlation between melt pool width and dilution rate, using a CMOS 

camera to fit the melt pool shape as an ellipse. This data was integrated into a feedback control loop, using melt pool 

width as a control parameter to ensure process stability. However, as melt pools often deviate from standard elliptical 

shapes, Lei et al. [201] improved dimension extraction accuracy by employing a region-based active contour method 

to identify melt pool boundaries more precisely. In another study, Colodròn et al [196] developed a system for 

measuring melt pool width using a field programmable gate array (FPGA). This system significantly enhanced 

processing speed, nearly then times faster than traditional PC-based methods, without compromising performance. 

Additionally, Sampson et al. [202] introduced an adaptive exposure technique for coaxial CMOS cameras to reveal 

true edge features of the melt pool, subsequently designing an innovative edge detection algorithm that was 

independent of material emissivity, further improving detection accuracy. While coaxial configurations offer several 

advantages, including precise alignment with the process zone, they also present limitations. One significant constraint 

is the method of light direction through mirrors and filter-mirror combinations that exclude certain wavelengths. Even 

if this is beneficial in terms of optical sensors protection, it could affect the sensor’s measurement [100]. Another 

notable limitation is the constrained field of view inherent to coaxial setups. These systems typically monitor a small 

region surrounding the process zone, which varies depending on the machine design, working distance, and nozzle 

aperture. While this localized focus is effective for tracking melt pool dynamics, it is less suited for monitoring the 



 

quality of entire build layers, such as identifying powder spreading inconsistencies. However, the localized nature of 

the captured images simplifies the recordings and localization of defects during production, ensuring precise 

identification and correction when defects occur [100]. These limitations highlight the trade-off in using coaxial 

systems, emphasizing the need for off-axial mounting systems. 

Off-axis optical monitoring systems, where cameras are positioned at angles relative to the process zone, provide 

broader views and more comprehensive layer-wise information compared to coaxial setups. Monocular systems 

encompass challenges related to the resulting images due to perspective distortions and focal inconsistencies because 

of the wider field of view (FOV) compared to coaxial systems. Moreover, off-axis systems suffer from blind spot 

caused by obstruction such as the already deposited track. In this context, single-camera monitoring systems for L-

DED usually mount the camera directly on the head of the machine. This way it is possible to avoid obstruction 

problems and make the perspective correction and image undistortion easier to implement. An example can be found 

in the work from Zhou [10] et al., which developed a single-camera system mounted on a moving head with an 

integrated height control mechanism. This setup maintained a consistent standoff distance between the nozzle and 

substrate, improving geometric accuracy. However, its application was limited to 2D thin-wall geometries, with height 

compensation applied only every two layers, restricting its effectiveness for complex 3D structures. To address the 

limitations of single-camera systems, multi-camera setups are often employed. For example, Hsu et al. [203] utilized 

a trinocular CCD camera arrangement to monitor melt pool height and deposition boundaries from an overhead angle. 

By incorporating a calibration bar, the system compensated for FOV effects and see-through phenomena, achieving a 

deviation of only 2.3% and significantly reducing costs. Multi-camera setups can also be used to generate valuable 

three-dimensional in-situ monitoring techniques about the melt pool and the surrounding areas. Mazzarisi et al. [204] 

used a three-camera system to monitor the spatial evolution of the melt pool and generate 3D point clouds for each 

layer. While highly accurate, this approach required substantial computational resources, limiting its practicality for 

real-time monitoring and control. In addition to multi-camera setups, Donadello et al. [205] employed a triangulation 

method for melt pool height measurement on a modified coaxial device, achieving sub-millimeter accuracy suitable 

for closed-loop control systems. This method offered a balance between sensitivity and practical application. Other 

optical sensors based on 3D reconstruction have been used for off-axis monitoring such as structured light scanner 

combined with a coaxial camera [206,207] to obtain 3D height profile of the clad, while laser profilometer have been 

widely explored because of their good ability to measure geometric features directly on high-temperature metal parts, 

their ease of use and mounting on the laser head. These profilometers enable detailed point cloud acquisition of layer 

geometry, allowing for advanced dimensional corrections and in-situ monitoring techniques. Xu et al. [173] proposed 

a laser line scanning system integrated into a robotic LAAM (Laser Aided Additive Manufacturing) system for in-

process dimensional corrections. This method relied on 3D point cloud acquisition to detect deviations in layer 

geometry and adapt the deposition tool path accordingly. Unlike traditional CAD-based correction methods, this 

system directly used point cloud data, bypassing computationally expensive CAD reconstructions. Their results 

demonstrated a significant improvement in dimensional accuracy, with errors reduced by over 80%, showcasing the 

efficiency of point cloud-based adaptive corrections. However, sensitivity to surface conditions and environmental 

factors like powder adherence and light reflectivity were noted as limitations. Chen et al. [173] extended the 



 

application of laser line scanning by combining it with in-situ point cloud processing and machine learning techniques 

to identify surface defects during L-DED. Their setup used a laser line scanner mounted on the laser head to acquire 

high-resolution 3D point clouds of the part's surface in real-time. Defects such as under-fill and over-fill were 

identified using feature extraction algorithms, which were further refined through machine learning models for rapid 

defect classification. While the system demonstrated high accuracy and robustness, its computational requirements 

and dependence on effective point cloud filtering were highlighted as key challenges. Jeon et al. [173] integrated a 

laser line scanner into a L-DED system with an IR camera to monitor the geometry of the melt pool and deposited 

layers. These inputs were used to train an artificial neural network (ANN) to estimate the melt pool depth in real time 

with high accuracy. Despite its potential, the system faced challenges such as an 8-second delay between laser scanning 

and thermal imaging due to spatial offset, which could be minimized with improved sensor placement. Binega et al. 

[173] employed a similar laser line scanning setup to monitor and correct surface geometry deviations in real time. 

Their study focused on integrating the scanning system into a feedback loop that dynamically adjusted deposition 

parameters to ensure uniform layer geometry. This approach not only enhanced dimensional accuracy but also 

minimized material wastage. However, limitations included sensitivity to environmental conditions and alignment 

precision between the scanner and the deposition zone.  

Off-axis systems discussed so far provide significant advantages in reducing measurement errors and enabling broader 

monitoring and control capabilities. However, their effectiveness depends on careful calibration and the development 

of robust image processing algorithms to ensure reliability in diverse and complex L-DED scenarios. Indeed, these 

monitoring systems face challenges in image processing due to the complexity of the L-DED process and the dynamics 

of the process signatures. Techniques such as image filtering, threshold segmentation, and edge detection are 

commonly applied to enhance melt pool contour extraction. However, these methods often rely on manual tuning or 

fixed algorithms, which can struggle in adapting to complex scenario. 

 

3.3.6. Research gaps: real-time complex geometry height monitoring 

In this described scenario of monitoring systems for L-DED, it was demonstrated that plenty of different techniques, 

relying on different sensors and algorithms, have been exploited. ML approaches have been increasingly proposed in 

order to develop closed-loop systems able to adjust some of the several process parameters in real-time during the 

powder deposition. Furthermore, it arose from some studies that real-time closed loop monitoring system, because of 

the high computational time, cannot perform the printing parameters correction every layer, but they work with certain 

intervals, as in the case of [10] where the control is executed every two layers. From here, it emerges the need to have 

monitoring systems fast enough to measure the process signature every layer and capable of correcting defects when 

they are detected from the detection algorithm. To speed up the computation time, many different ML approaches have 

been proposed. Typically, these in-situ real-time monitoring systems exploit inputs from optical sensors, which are 

processed by computer vision algorithms to isolate the process signature before being sent to the neural network. The 

quantity that is measured more often is the clad because it can be easily related with both defect occurrence and process 



 

parameters. Then, the decision whether the measured value is satisfying or not is completely left to the ML algorithm 

and the monitoring is executed.  

Despite many working systems have been proposed, a big limitation consists of the geometry that these systems can 

effectively monitor. Usually, the part under examination is restricted to 2D-single direction thin wall geometry but 

these are far from real L-DED applications produced parts where complex and multi-directional geometries are 

typically required. The challenge lies in developing a fast and robust monitoring system, based on simple image 

processing algorithms, that can measure clad height and detect and correct defects in real-time when relevant industrial 

shapes are produced. 

  



 

4. MEX metrology and monitoring based on a blue laser line 

profilometer 

Following the discussion started in 3.1.4, the need for improving the metrology related to MEX processes, because of 

the lack of robust, standardized, and reliable metrics for evaluating part quality during production, combined with the 

necessity of expanding the literature about functional analysis-based monitoring systems led the research activities of 

this thesis to exploit a laser line scanner as monitoring sensor. A key issue is the absence of universally recognized 

process signatures that could serve as benchmarks for quality assessment and corrective actions. Furthermore, while 

functional analysis has shown promising results in evaluating surface morphology and defect topology in AM, its 

integration as in-situ monitoring technique remains largely unexplored. The MEX-related activities will be explained 

by illustrating the proposed setup and the metrology indexes used as quality indicator. After introducing the indexes, 

a preliminary test of the monitoring methods based on these indexes will be discussed to prove their effectiveness. 

Two experiments were conducted. After explaining the methodology, the results will be discussed for both 

experiments.  

 

4.1. Laser line scanner 

The system is based on the MicroEpsilon scanControl 2900–50 BL (Fig. 14), a high-resolution blue laser line 

profilometer (BLP) designed for precise, non-contact surface measurement. This sensor operates on the principle of 

laser triangulation [208], projecting a laser line onto the object's surface while a CCD sensor detects the reflected light 

to reconstruct the surface profile. The projection of the laser onto the surface is recorded and the X and Z coordinates 

of the point belonging to the line are gathered and a profile is generated. By adding a movement to the sensor along 

the Y direction and knowing the scan speed, it is possible to stack multiple profiles to achieve a 3D point cloud of the 

measured surface. Lately, triangulation sensors have been widely used as in-situ measurement instruments to measure 

complex geometries [209]. 

The blue laser line features are shown in Table 2. The scanning parameters have been selected after testing various 

combinations. In general, the primary requirement that they had to respect was that the exposure time had to be short 

enough to enable fast layer surfaces measurements, ensuring feasibility for future real-time applications. 

Consequently, the other parameters were adjusted and optimized leading to the current configuration. The profilometer 

outputs profiles via an Ethernet connection (UDP/Modbus TCP), allowing for rapid data exchange and real-time 

control. While the sensor is limited in capturing overhang and vertical walls, its high resolution and advanced 

capabilities make it particularly effective for monitoring horizontal cross-sections, such as those encountered in AM 

processes. Furthermore, usually, laser line sensors use red-light lasers but in this work a blue laser was employed. The 

blue laser technology ensures reduced influence from ambient light and minimizes material scattering, which is critical 

when measuring materials such as semi-transparent polymers or metals. Its versatility allows it to be used in both 

polymer-based and metal-based additive manufacturing processes, such as L-DED and L-PBF. Although the sensor 



 

cannot monitor overhangs and vertical walls, because of the occlusion phenomena explained in Fig. 13, it excels in 

measuring horizontal cross-sections with high resolution, making it an invaluable tool for detailed metrology and a 

solid foundation for improving measurement practices in additive manufacturing.  

 

 

Fig. 13: Occlusion phenomena for a laser line scanner: 1) camera occlusion happens when the camera is not able to see the 

laser onto the surface; 2) laser occlusion occurs when the laser is not reflected into the CCD sensor. 

 

Table 2: Blue laser line specifications. 

Parameters Value Parameters Value 

Wavelength 405 nm (blue light) 
Optimal working 

distance 
95 mm 

Measuring Range 50 mm (X,Z axis) Profile points 
1280 points per 

profile 

Resolution (Z-

axis) 
4 μm Profile Frequency 135 profile/s 

Resolution (Y-

axis) 
39 μm Scanning speed 5 mm/s 

Resolution (X-

axis) 
37 μm Exposure time  20 ms 

 

 

Fig. 14: Blue laser line sensor 



 

4.2. Monitoring setup 

 

 

Fig. 15:a) BLP-based monitoring system setup; b) and c) show a representation of the sensor mount. The yellow circle in b) 

highlights the embedded nut inside the mount that will be screwed to the frame, while in c) the red circles indicates the screws 

used to attach the BLP to the mount. 

 

Two MEX in-situ monitoring methodologies were conducted during the thesis [210,211] and both exploited the same 

setup, which was tailored to meet the specific requirements of the 3D printer. The machine used for the analysis was 

a Geetech A10, which is a Cartesian machine characterized by direct architecture with a building volume of 

220x220x260 mm3. The extruder moves on a gantry along the X and Z axis, while the printing bed moves along the 

Y direction. The heated bed can reach up to 100 °C, the extruder can reach 250 °C as maximum temperature with a 

nozzle diameter of 0.4 mm. From manufacturer specification, the maximum printing speed is 180 mm/s, but in the 

proposed experiments it was kept lower to maintain control over the printed part.  

Based on the requirements and the scanning parameters emerged from the sensor, four custom features were added to 

the printer to create the monitoring setup. 

 

• Tailor made adjustable structure for sensor holding and placing purpose. 

• Custom mount to attach the sensors to the frame. 

• End-stop switch integration into the printer to automate point cloud acquisition process. 

• Optical properties of the printing bed surface optimization to simplify the scanning process. 

 

Profiles

a)

Stand

b)

c)

End-stop



 

Thanks to the architecture of the printer, it was possible to create a custom structure to support the optical sensor that 

was used to perform measurements. The structure was fabricated using aluminum X-cross profiles, providing a light 

and stable base for the integration of additional components. From Fig. 15, a it is possible to observe the profiles 

screwed to the printer that helped to mount the profilometer on the printing bed. Another component designed and 3D 

printed was the sensor mount, which is shown in Fig. 15, b and c. The mount was made by replicating the shape of 

the profilometer and acted as an interface between the sensor and the frame. The material used to produce this part 

was Onyx, which is a combination of nylon reinforced with carbon fibers, to provide high structural stability and 

precision alignment of the sensor, and the printer used was a Mark Two 3D printer by Markforged. Furthermore, an 

end-stop switch was also fixed at the end of the printer’s x-axis gantry. Again, the connector to fix the switch was 3D 

printed in PLA and helped in correctly positioning the end-stop, as it is shown in Fig. 15, a. The end-stop was 

connected to the profilometer, and it was supposed to work as a mechanical scan trigger. Thus, when the circuit was 

closed, it triggered the sensor to acquire multiple profiles. This operation had two main goals: the first one was 

automating the acquisition phase at the end of each layer and aligning subsequent layer point clouds. This latter 

operation was guaranteed by the G-code modification that will be discussed in section 4.3. Finally, the last 

modification to the setup was coating the printing bed, which was a transparent glass plate. It is known that transparent 

surfaces are hard to scan and can generate very noisy data, making the measure not reliable, but for monitoring 

purposes it was important to have a correct profile of the bed alongside the layer profiles because the bed point cloud 

was supposed to work as the reference from where point heights are measured. The monitoring methods relied on the 

correct measure of height, so it turned out necessary to tape the bed sheet. An aluminum white tape was chosen to 

cover the surface because it is very easy to scan, providing a clean and smooth dataset as it is displayed in Fig. 16. 

 

 

Fig. 16: 2D profile resulted from the BLP sensor after coating the printing bed with white aluminum tape. 

 

4.3. G-code customization 

G-code is the language with which 3D printers usually use to receive commands from laptops. This code type is like 

the code used to control conventional chip removal machines, such as turning and milling machines. This code is 

generated automatically after preparing the 3D model on software called slicers. These programs literally slice the 3D 



 

model in layer and generate the toolpath that the deposition system will follow to complete the process. Together with 

the design of the setup to mount the profilometer, the second fundamental operation done before starting the 

experiments was the customization of the G-code. This customization enabled the 3D point cloud acquisition phase 

to be consistent and independent of human intervention, thereby minimizing potential inaccuracies in the 

measurements. Furthermore, as explained in section 4.1, the 3D point cloud, which is the input element of the proposed 

monitoring methods, can be obtained only if there is a relative movement between the profilometer and the part to be 

scanned in the direction perpendicular to the laser line. This relative movement was added thanks to the custom G-

code. Because of the setup configuration, the laser line scanner was fixed in its position, so the only way to move the 

object under the laser was to add a movement to the printing bed. These requirements were translated into the following 

g-code lines, and, subsequently, were added through a plug-in already existing in the software used to do the slicing 

(Ultimaker CURA): 

 

N1 G91; relative coordinates working mode 

N2 Z5; rise extruder 5 mm up 

N3 G90; absolute coordinates working mode 

N4 G00 Y190; moving the printing bed to its starting scanning 

position 

N5 G00 X230; moving extruder to activate the end-stop switch and 

start the scanning 

N6 G01 F300 Y90; moving the printing bed toward its final 

scanning position 

N7 G91; 

N8 Z-5; lowering extruder to the correct working height 

N9 G90; 

 

 

 

Fig. 17: 3D point cloud obtained after a layer scan. 

 



 

In other words, at the end of each layer, the extruder was lifted 5 mm from its current position to avoid possible 

collision with the upmost surface of the printed part, and after that the printing bed was moved to its starting scanning 

position which was previously decided based on the location of the printed part on the bed. The extruder travelled 

along the X axis to activate the end-stop switch. Once the circuit was closed, the sensor began recording the video 

while the printing bed was moved towards its final scanning position at the speed of 300 mm/min (5 mm/s ). Once 

finished, the extruder was brought back to its original height and the process could start again. The output after this 

operation was the 3D point cloud of the layer surface as it is demonstrated in Fig. 17 where the cross section of a 

cylindrical part with part of the printing bed were acquired. 

 

4.4. Printer’s stepper calibration and point cloud correction factor 

Before conducting the experiments, it turned out necessary to calibrate the stepper motors of the 3D printer to ensure 

accurate movements along the axes. This calibration was critical due to the nature of the printer, a consumer-grade 

device known to have declared uncertainty, from the manufacturer, on each axis of 100 microns. Consumer printers 

are particularly sensitive to environmental, like dust, room temperature and humidity, and mechanical disturbances, 

such as movements or collisions, which can cause the motors to lose steps or the printer not to work correctly. This 

phenomenon results in the axes moving more or less than expected or operating at speeds different from those 

specified. Given that the printer had to be moved and adjusted during the setup of the monitoring system, performing 

this calibration was essential to avoid potential inaccuracies in the experimental results. The calibration process was 

performed using a digital comparator and the Ultimaker Cura software, which enabled direct control of the printer's 

movements. Initially, the printer was connected to a computer via USB, and the movements of each axis were 

controlled manually and monitored through the comparator. The actual travel distance of each axis was measured 

using the comparator and compared with the theoretical distance commanded through the software, as explained in 

Fig. 18. Any discrepancies were attributed to inaccuracies in the step/mm values assigned to the stepper motors. To 

correct these discrepancies, the actual and theoretical measurements were used to calculate the corrected step/mm 

values which were then updated in the printer's firmware, following the equation (1): 

 

𝒙𝒏𝒆𝒘 = 𝒙 ∗  
𝑳𝒏𝒐𝒎

𝑳𝒎𝒆𝒂𝒔
          (𝟏) 

 

Where xnew is the corrected step/mm value, x is the initial value stored in the printer firmware, Lnom is the theoretical 

distance the axis is supposed to travel, while Lmeas is the real distance the axis moved. Three measurements were 

performed for each axis to ensure reliability. It was found that the Y-axis required no adjustments, whereas the X and 

Z axes showed significant deviations that necessitated calibration. Corrected values are omitted because not the 

purpose of this thesis but, as will be demonstrated in section 4.5.5, this calibration played a fundamental role in 



 

compensating errors induced by the non-optimal machine conditions ensuring reliable, accurate and robust 

measurements. 

 

 

Fig. 18: a) X, b) Y and c) Z stepper Step/mm calibration method based on comparator measurements. 

 

The aforementioned calibration procedure focused on correcting cinematic errors in distances along all three 

directions, but this did not address potential inaccuracies in the speed. As previously explained, the BLP requires 

additional movement along the scanning direction, perpendicular to the laser line, to collect 3D point clouds. To ensure 

accurate registration of 2D profiles, the scan speed needs to be precisely known because discrepancies between the 

nominal scan speed (5 mm/s) and the actual speed could introduce systematic errors into the measurements. In this 

case the scan speed coincides with the printing bed speed (Y-axis), which was set to 5 mm/s, thus a second calibration 

on the Y-axis speed accuracy was necessary. 

To evaluate errors induced by imprecision in speed a different approach was applied. A proper artefact was designed 

by following two requirements: geometric (the geometry of the artefact should allow an easy evaluation of distances 

along the scanning direction, which is Y axis, to compute the correction factor C) and dimensional (the overall 

dimensions should cover the entire scanning volume). Based on these two criteria, the calibration artefact (Fig. 19) 

was composed by a support plate characterized by 50x70x8 mm3 and six steel spheres (ø12 mm) placed at specific 

distances, and it was 3D printed by MEX using ABS white material. The six spheres were shiny and highly reflective 

and for this reason they were sprayed with a sublimation matting spray before executing the scanning operation both 

on the BLP and the structured light scanner (SL). 

The calibration plate was scanned using the BLP and the structured light scanner (SL) for reference. The BLP was 

operated by following the scanning parameters listed in Table 2, such as a profile frequency of 135 profiles/s and a 

scanning speed of 5 mm/s. Instead, the reference was scanned using the SL GOM Atos Q 8M equipped with a 100MV 

a) b) c)

Top view

Top view

Side view



 

lenses, having a measuring volume of 100x70x60 mm3 and a certified accuracy of 0.005 mm of Length Measurement 

Error (assessed according to the VDI/VDE 2634- Part 3). 

 

Fig. 19: Calibration artefact used to compute the correction factor. The artefact was scanned both with SL and BLP and the 

distances between the sphere centers are reported in the table in the figure. 

 

Once obtained the point clouds, the analysis was done using metrology software. Using the 3sigma Gaussian method, 

6 spheres were fitted on each point cloud and the coordinates of their center points were extracted. Distances along 

the Y direction were computed and compared. The correction factor C was computed according to equations (2) and 

(3), and the results are shown in Fig. 19: 

 

𝑪𝒊 =  
𝜟𝒚𝑺𝑳,𝒊

𝜟𝒚𝑩𝑳𝑷,𝒊

            (𝟐) 𝑪 =  
𝟏

𝑵
∑ 𝑪𝒊

𝑵

𝒊=𝟏

                 (𝟑) 

 

where, 𝛥𝑦
𝐵𝐿𝑃,𝑖

 was the i-th distance measured on the point cloud obtained with the BLP, while 𝛥𝑦
𝑆𝐿,𝑖

was the same 

quantity measured on the mesh obtained from the structured light scanner, and N represents the number of the distances 

measured, which is six in this case. The correction factor C was found to be 1.012 and this value will be applied to all 

the point clouds obtained during the experiments, because the scanning parameters were kept constant. 
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4.5. MEX layerwise in-situ monitoring method based on quality indexes 

 

4.5.1. Method description.  

The main goal of the proposed in-situ monitoring method was to correctly evaluate layer-by-layer surface quality 

during a MEX process providing insights into current conditions of the printed part. The monitoring operation started 

with an initial scan by the BLP of the printing bed to establish a reference plane. The scanning operations followed 

the g-code discussed in paragraph 4.3. This reference plane was fitted to the build platform point cloud using the 

Gaussian method (3sigma criterion) and set as 𝑧 = 0. The bed scan served two critical purposes because, first, it 

provided a baseline height map that served to calculate the absolute height points in subsequent later scans by simply 

subtracting the bed point cloud. And second, the bed fitted plane was used as the foundation for generating a series of 

nominal planes, each spaced along z-direction by the layer height (0.2 mm). These nominal planes were used to 

evaluate the overall average height of each layer and determine whether the printing process is stable. For each printed 

layer, the surface was scanned immediately after material deposition using the BLP. The end-stop switch was a critical 

component of the system, enabling automatic alignment of all point clouds. This alignment ensured that the x and y 

coordinates of points in subsequent layers correspond precisely to the same grid, facilitating the point clouds 

subtraction of the z-coordinate values to compute the absolute height of the layer points relative to the bed. The 

monitoring operations described above are summarized and represented in Fig. 20.  

 

 

Fig. 20: Monitoring workflow 
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4.5.2. Proposed quality indexes. 

The point clouds obtained from the BLP, as already explained, contains many topological information, but for 

monitoring purposes and future real-time application it is necessary to summarize the content of these dataset by 

selecting proper process indexes easier and faster to compute and to interpret. For this reason, as a preliminary study, 

the proposed monitoring setup and method was evaluated through the observation of four indexes, and some result 

examples are shown in Fig. 20 -2. The first index considered is a simple average cumulative layer height, computed 

as the means of the distances between the points belonging to the layer surface point cloud with their relative nominal 

plane. The other three proposed indexes are: Layer Height Average Deviation (ADLH), Residual Absolute Deviation 

(RAD) and the Slope of the ADLH graph (s). 

The ADLH quantifies the deviation of the layer surface from the nominal plane, which is a parallel plane spaced by the 

current layer height (0.2 mm) from the reference printing bed plane. This parameter was computed as the average 

signed distance between all points of the layers’ point cloud and the nominal plane, following the equation (4): 

 

𝑨𝑫𝑳𝑯 =  
𝟏

𝑵
∑ ±𝒅𝒊

𝑵

𝒊=𝟏

                                 (𝟒) 

 

Here, 𝑑𝑖 represents the distance along z-direction between the i-th layer-belonging point with respect to its relative 

nominal plane, and N represents the number of the total points considered. These distances were kept with their sign 

because it is the first indicator of the type of deviation: negative sign means that the actual layer surface point lies 

under the nominal plane; on the other hand, a positive 𝑑𝑖 means that the layer surface lies above the nominal plane. 

This index provided critical insights into the surface conditions of the printed layer, paving the basis for potential 

process control. The RAD was computed as the average value of the distances between each actual layer points and 

the plane fitted (Gaussian method, 3σ criteria), using the same points. This index allowed to emphasize the occurrence 

of surface defects and geometric inaccuracies with respect to dimensional issues, such as surface roughness or 

inconsistencies in material deposition. Finally, the stability of the process was evaluated using the slope s of the line 

connecting ADLH values of two consecutive layers. This dimensionless index provided trends in surface quality 

changing across subsequent layers. Also, this index was considered with its sign, where a positive value indicated 

improvement in surface quality and height accuracy, and negative values indicated worsening conditions. 

 

4.5.3. Experimental plan.  

The experimental plan was developed using prism-shaped samples with overall dimensions of 15 × 15 × 2 mm³, as 

shown in Fig. 21, a. The first step involved creating an STL file based on the CAD model of the object. This file was 

then imported into Ultimaker Cura, one of the most used slicing software for MEX printing. The material selected for 

the experiment was white PLA provided by Fabbrix®. The main printing parameters were as follows: a layer height 

of 0.2 mm, a nozzle temperature of 210 °C, a build plate temperature of 60 °C, solid infill (100%), and a printing 



 

speed of 40 mm/s. These are not the optimal parameters for the 3D printer used, but are parameters usually used when 

PLA filament is printed with a consumer 3D printer. To thoroughly evaluate the performance of the in-process 

monitoring system, different process conditions were intentionally introduced to create variations in surface quality 

and induce process deviations. These variations were achieved by altering the location of the samples on the build 

platform (TOP, MID and BOT) and changing the raster deposition angle (ɵ, 0°, ± 45° and 90°), following the 

experimental plan detailed in Fig. 21, b and c. This approach ensured that surface quality could be evaluated under a 

range of conditions while maintaining consistent printing parameters. A total of 12 samples were fabricated, resulting 

from the combination of three build platform positions (TOP, MID, and BOT, as shown in Fig. 21, b) and four raster 

deposition angles (ɵ = 0°, +45°, −45°, and 90°, as shown in Fig. 21, c). Each sample was then monitored on a layer-

by-layer basis using the methodology described in Fig. 20. The results are discussed below. 

 

 

Fig. 21: a) prism-shaped specimens; b) location on the printing bed chosen for the experiment; c) raster deposition strategies. 

 

4.5.4. Results.  

The analysis of the experimental results focused on evaluating the cumulative height, ADLH, RAD and ADLH slope s 

as monitoring tools and key indicators of surface quality and process performance. The cumulative height was 

calculated for each layer and sample, revealing variations influenced by both the raster deposition angle and the 

sample’s position on the printing bed. Generally, all the specimens showed to be shorter than the nominal height, 

which is represented by green lines in Fig. 22. Samples positioned at the MID location generally exhibited heights 

closest to the nominal values (1.9–1.96 mm), while those at the TOP and BOT locations displayed greater variability 

and dimensional deviations, with the largest deviation observed at 1.84 mm. These results highlighted the sensitivity 

of cumulative height to factors such as platform flatness, Z-axis precision, and material flow rate. Notably, a 
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pronounced deviation was observed between Layers 7 and 8 for samples with a 0° raster angle, particularly at the BOT 

location, suggesting the potential onset of process instabilities. In Fig. 23 the geometric deviation from the nominal 

plane of the layer surface is shown, it is possible to observe how this worsen in cumulative layer height is represented 

by darker blue color on the entire layer surface. The overall results relative to the cumulative layer height can be found 

in Fig. 22. 

 

  

  

Fig. 22: Average cumulative layer height results divided by raster deposition angle: a) 0°; b) 45°; c) -45°; d) 90°. The green line 

indicates the nominal trend that the measure should have. 

 

While cumulative height provided an overview of layer-by-layer growth, it was insufficient to assess surface quality 

or pinpoint the sources of deviation. To address this, the ADLH was computed, quantifying the deviation of each layer 

surface from its relative nominal plane. ADLH values demonstrated that the early layers consistently had the smallest 

deviations, while deviations tended to increase with layer number, sometimes approaching the absolute layer height 

(0.2 mm). Samples printed at -45°-MID and 90°-MID exhibited the most accurate heights (ADLH values between 0 

and 0.05 mm, as it demonstrated in Fig. 24, c and d, respectively), whereas other configurations displayed greater 

variability, with deviations nearing 0.2 mm in some cases. Conversely, other raster angles and position combinations 

displayed wider ADLH ranges, with deviations nearing 0.2 mm in some cases, such as Layer 9 for samples printed at 
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0°-BOT. The slope of ADLH across consecutive layers was also analyzed to assess process stability and values are 

presented in Table 3, with positive slopes indicating improvements and negative slopes signaling worsening 

conditions. 

 

 

Fig. 23: Worsening of surface height related to high variation in cumulative height from layer 7 to layer 8 for the specimen 

printed at the BOT position with 0° raster angle. 

 

For instance, significant slope changes were observed between Layers 7 and 8 in 0°-BOT samples, highlighting a 

marked process shift, in accordance with what was found by analyzing the cumulative layer height and displayed in 

Fig. 22. This behavior contrasted with samples such as -45°-MID and 90°-MID, which showed minimal slope 

variations, indicating stable printing conditions. The effect of the slope variation is clearer by looking to Fig. 25, where 

the most unstable case was considered, which is the specimen printed with 0° of raster angle and BOT location on the 

printing bed, and the layer surface condition proved that with a negative slope value can be associated to a worsening 

in the surface quality. A larger slope magnitude indicates greater change, which could signify a significant process 

shift and potentially the occurrence of defects. Negative slope values correspond to a deterioration in the ADLH index, 

signifying worsening height accuracy, whereas positive slope values indicate improvement. When the slope is close 

to zero, no substantial change in the ADLH is observed, suggesting stable process conditions. For reference, samples 

at -45°-MID and 90°-MID positions, which exhibited the smallest ADLH deviations, demonstrated slope values within 

a range of ±0.05, which can be considered indicative of stable process conditions (see Table 3). It is important to 

emphasize that the slope is sensitive to changes between consecutive layers, making it a valuable tool for identifying 

process shifts. However, analyzing only the slope between two layers may not reveal all instances of sustained negative 

trends or severe height deviations. For example, samples printed at 90°-TOP and +45°-TOP exhibited persistent height 

deviations despite registering slope values of only 0.05 to 0.1. This highlighted the importance of examining not just 

individual slope values but also their signs and trends across multiple layers. In these cases, the consistent sequence 

of negative slope values indicated a progressive worsening of height accuracy. While the slope index effectively 

detects process instability, it does not provide information on the type of defect present. Therefore, it could be utilized 

as an early warning indicator of potential issues in the printing process. To complement the ADLH analysis, the RAD 

0 BOT specimen

L7 L8



 

index was employed to evaluate the surface quality of individual layers. Unlike ADLH, which measures dimensional 

accuracy relative to the nominal plane, RAD reflected the geometric accuracy of the layer’s surface by quantifying 

deviations from a fitted plane. Lower RAD values indicated smoother, more uniform surfaces, while higher values 

suggested the presence of surface defects, such as blobs or areas of material deficiency. The analysis of RAD values 

(Fig. 26) revealed a stable trend for the sample printed at -45°-MID, with values consistently between 0.01 and 0.019 

mm, indicating smooth and defect-free surfaces. In contrast, other samples exhibited more variable RAD values. 

 

  

  

Fig. 24: Results from the ADLH analysis for a) 0°; b) 45°; c)-45°; d) 90°deposition strategies. 

 

The highest values were observed in samples printed at -45°-BOT and +45°-TOP, particularly during Layers 1 through 

6. Additionally, samples with a 0° raster angle displayed a noticeable worsening in RAD values from Layer 7 onwards, 

a pattern that aligned with the observations made for ADLH in similar conditions, as it is shown in Fig. 24. Unlike 

ADLH, which measures dimensional deviations relative to the nominal plane, RAD is independent of height accuracy, 

as it evaluates surface deviations from a fitted reference plane. This independence makes RAD a valuable tool for 

detecting surface defects without being influenced by overall dimensional errors. Both indices, ADLH and RAD, 

proved effective in identifying process anomalies, each providing unique insights into distinct aspects of layer quality. 
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ADLH highlighted deviations in dimensional accuracy, while RAD captured surface-level irregularities such as 

material accumulations or voids. 

 

Table 3: Slope s results obtained for each layer. The red values indicate when high variation of ADLH is detected. Orange values 

indicate not completely out-of-control values and green values indicate s values that are in control and do not shown to have 

consequences on subsequent layer. 

 

Slope s 

0  +45  -45  90  

TOP MID BOT TOP MID BOT TOP MID BOT TOP MID BOT 

1_2 -0.1 -0.1 -0.1 -0.15 -0.15 -0.05 -0.1 -0.05 -0.05 -0.15 -0.1 0 

2_3 -0.1 -0.05 -0.1 -0.1 0 0 -0.05 -0.05 -0.1 -0.05 0 -0.05 

3_4 0 -0.05 -0.05 -0.1 -0.05 -0.1 -0.05 0 0 -0.05 0 0 

4_5 -0.05 -0.05 -0.1 -0.05 -0.05 0 0 0 -0.05 -0.05 0 -0.05 

5_6 -0.05 0 0 0 0 0.05 0 0 0 -0.1 -0.05 0 

6_7 0 -0.05 -0.05 -0.05 -0.05 -0.05 -0.1 -0.05 -0.05 -0.05 0 -0.05 

7_8 -0.2 -0.2 -0.25 -0.05 0 0 -0.05 0 -0.1 -0.05 -0.05 -0.05 

8_9 0 0.1 -0.1 -0.05 0 -0.05 -0.05 -0.05 -0.05 -0.05 0 0 

9_10 0.05 -0.05 0.1 0 0 0 0 0 0 0.05 0.05 0 

 

By examining these indices together, a more comprehensive understanding of process stability and defect occurrence 

was achieved, making this cross analysis more suitable for in-situ monitoring purposes as will be discussed below. To 

illustrate the complementary nature of ADLH and RAD, their values are plotted together for selected samples, as shown 

in Fig. 27. In these graphs, the left vertical axis corresponds to RAD, while the right axis represents the absolute value 

of ADLH. Geometric deviation maps are also matched with the combined graphs in Fig. 27, e to provide a visual 

reference to better interpret the results, with RAD maps representing deviations from the fitted reference plane and 

ADLH maps highlighting deviations from the nominal plane.  

During the cross-analysis of ADLH and RAD, in Fig. 27 , all the possible configurations that can result during a 

monitoring process are analyzed and are divided into blocks. This analysis will be helpful to understand how these 

two indexes interact. Block A corresponds to Layer 1 relative the printing strategy 90°-TOP in Fig. 27, a. 



 

 

Fig. 25: Effect of slope s on layer surface quality measured on the most unstable case. 

 

In this region, the ADLH value was found low, indicating good height accuracy for the layer. However, the RAD value, 

approximately 0.017 mm, suggested the presence of localized surface defects. These defects were probably caused by 

small material accumulations due to the change of direction of the extruder, as confirmed from the A block in Fig. 27, 

e-A. Despite the slight surface irregularities, the overall dimensional accuracy of the layer was satisfactory. This result 

highlighted the sensitivity of the RAD index in detecting minor surface anomalies even when height deviations are 

minimal. Block B on the same sample but on the 5th layer, showed higher ADLH value, reflecting a significant deviation 

from the nominal height, coupled with a slightly increased RAD value. This combination indicated both poor 

dimensional accuracy and a broader distribution of surface defects. The increase in RAD suggested that surface 

conditions have deteriorated, potentially due to uneven material flow or slight misalignments during the printing 

process. Block C presents an interesting case in Fig. 27, a, where the RAD value remained low at 0.016 mm, indicating 

good surface quality, while the ADLH value was significantly higher, nearing 0.15 mm. This suggested that while the 

layer exhibited substantial height deviations, the surface itself was smooth and free of localized defects. Such 

conditions may arise from systematic issues like uneven Z-axis movement or platform leveling errors, which do not 

necessarily impact surface quality directly. This result underscored the importance of using both indices to gain a 

holistic view of the layer’s dimensional and surface characteristics. Block D, shown in Fig. 27, b and related to the 

last layer of the 90°-MID strategy part, represented a scenario where both RAD and ADLH values are low. This 

indicated that the layer achieved both good surface quality and height accuracy. Such results were indicative of stable 

and optimal printing process conditions, where material deposition was consistent, and the process was free of 

mechanical or material-related disturbances. This block served as a benchmark for evaluating the performance of the 
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monitoring system under non-defective conditions. In Fig. 27, block E corresponds to Layer 1 of the strategy 0°-BOT, 

where a low ADLH value (<0.05mm) was found with a high RAD value (0.026mm). 

  

  

Fig. 26: RAD results for a) 0°, b) 45°, c) -45° and d) 90°. 

 

This combination suggested that the layer has minimal height deviations but suffered from widespread surface defects, 

such as blobs and material accumulations. These defects were likely caused by factors such as over-extrusion during 

initial layers or inconsistent nozzle movements. This block highlighted the utility of RAD in identifying surface defects 

that would not be considered from the ADLH. Block F, corresponding to Layer 9 in Fig. 27, c, exhibited both high RAD 

and ADLH values, signaling the presence of severe surface defects alongside significant height deviations. This 

indicated dangerous conditions for process stability. Such conditions were indicative of substantial process instability, 

emphasizing the importance of a real-time monitoring method to identify and address issues before they propagate. 

Last, block G in Fig. 27, d presented another case where both RAD and ADLH values were high, although at different 

magnitudes. This suggested a combination of surface defects and height inaccuracies, similarly to the condition 

discussed for the block F. The patterns of these deviations may arise from variations in raster deposition or material 

inconsistencies because of the incorrect operation of the nozzle. Further observations need to be made about RAD. 

This index was demonstrated to be able to detect various types of surface defects, such as material accumulation and 

lack of material. An example is displayed in Fig. 28 where a severe buildup of material was caused by prolonged 
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nozzle dwell time at that specific place, resulting in a high RAD value. When a severe defect like that occurs, missing 

data points can be observed in areas where the sensor failed to detect the laser line, which can occur due to vertical 

walls or unexpected surface protrusions that prevent the laser line from being correctly reflected into the CCD sensor 

of the BLP. It follows that if missing data are found inside the layer surface point cloud it means that a severe defect 

occurred, signaling that the printing process should be stopped. 

  

  

 

Fig. 27: Example of cross analysis for ADLH and RAD for different specimens. e) represent the layer geometrical deviation based 

on the indexes combination to provide a fast and easy way to correlate values with surface quality. 
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Fig. 28: Defects related to high RAD value for the 9th layer of the specimen 0° BOT. 

 

4.5.5. Validation of the results.  

Validating the obtained results is a critical step to ensure the reliability of the data acquired and processed by the 

proposed monitoring method. After completing the fabrication of the samples, their dimensions were measured using 

a GOM Atos Q 8M, the same structured-light scanner (LS) used during the calibration phase and shown in Fig. 19. 

The validation process involved comparing the average height of the fabricated samples, as measured offline by the 

SL, with the corresponding height data obtained from the monitoring procedure. The comparison focused specifically 

on the last layer of each sample, as it represents the overall height of the printed object. Every produced part was 

scanned, and the average height error was computed. The point cloud reference was obtained from the LS. The results 

of the validation revealed an average error of 0.014 mm, with a standard deviation of 0.007 mm. These findings 

confirm the reliability of the monitoring method and demonstrate the effectiveness of the calibration process. To 

further reinforce the validation, a comparison of deviation maps corresponding to the ADLH index was done and the 

results are shown in Fig. 29. This analysis included several relevant cases to assess the method’s performance under 

varying process conditions. The deviation maps, all corresponding to the final printed layer, provided additional 

confirmation of the effectiveness of the monitoring system. The results, as illustrated in Fig. 29, showed a strong 

correlation between the deviation maps produced by the monitoring system and those obtained from the SL across all 

analyzed conditions. 

This research activity was published in the following research paper: [210]. 
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Fig. 29: ADLH measured from the BLP and the LS. This comparison has the purpose of validating the measurement from the BLP 

sensor. 
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4.6. In process evaluation of layer defects and surface topography through a novel 

point cloud functional analysis 

The results discussed above have been published in [211]. 

 

4.6.1. Method description. 

 

 

Fig. 30: Second proposed monitoring method workflow. This method is based on functional analysis tools and height 

measurements. 

 

The goal of this experiment is to prove the effectiveness of a high-resolution monitoring system for MEX parts. 

Similarly to previous activity, the initial step in the monitoring workflow (see Fig. 30) involved scanning the build 

plate before the printing process began. This operation was essential for establishing a reference plane. Once the build 

plate scan was complete, the layer deposition commenced. After the completion of each layer, the printhead was 

programmed to move and activate the end-stop circuit, triggering the collection of profile data. Once the point cloud 

for the layer was acquired, it was processed by subtracting the build plate’s point cloud. This operation ensured that 

the z-coordinates of the layer’s point cloud were referenced to the build plate. Following data acquisition, specialized 

surface analysis software (TalyMap v. 7.4 by Digital Surf) was employed for detailed point cloud analysis. Functional 

analysis tools embedded within the software were used to evaluate the surface conditions of each layer. After 

subtracting the build plate’s point cloud, the layer point cloud was segmented by applying two height thresholds set 

to ±0.05 mm from the nominal height. The lower threshold corresponded to the nominal height minus 0.05 mm, while 

the upper threshold was set at the nominal height plus 0.05 mm, as detailed in Table 4. Using these thresholds, the 

layer surface was divided into three distinct regions: the acceptable region (AR), the upper region (UR), and the lower 

region (LR) (see Fig. 31). Points with heights falling within the range of nominal height ± 0.05 mm were classified as 
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part of the acceptable region. Points exceeding the upper threshold (ℎ>nominal height+0.05 mm) were assigned to the 

upper region (UR), while points below the lower threshold ( h<nominal height-0.05mm) were assigned to the lower 

region (LR). Points classified in the upper and lower regions corresponded to overfill (OF) and underfill (UF) 

conditions, respectively. 

 

Table 4:Region definition 

Layer 

Number 
Layer Height h [mm] Considered Regions 

n 

ℎ < (𝑛  * 0,2) − 0,05 Lower Region (LR) 

(𝑛 ⋅ 0,2) − 0,05 ≤ ℎ ≤ (𝑛 ⋅ 0,2 ) + 0,05 Acceptable Range (AR) 

ℎ > 𝑛 ⋅ 0,20 + 0,05 Upper Region (UR) 

 

 

Fig. 31: Image representation of the defined region based on the 2D profile. 

 

4.6.2. Functional analysis tools. 

The first result of the “slicing” operation on the layer point cloud was an image that visually distinguished the three 

regions described above. These regions were represented using different colors (see Fig. 31): the acceptable range 

(AR) in green, overfill (UR) in red, and underfill (LR) in blue. From these images, a quantitative index known as the 

Projected Percentage Area (PPA) was extracted. This index quantifies, in percentage terms, the proportion of the total 

layer area occupied by points within each region (acceptable range, overfill, or underfill), as shown in equation (5): 

 

𝑷𝑷𝑨𝑼𝑹\𝑨𝑹\𝑳𝑹[%] = (
𝑨𝒓𝒆𝒂(𝑼𝑹\𝑨𝑹\𝑳𝑹)

𝑨𝒓𝒆𝒂𝑻𝒐𝒕

) ∗ 𝟏𝟎𝟎               (𝟓) 
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The concept of PPA is illustrated in Fig. 32, a. Once a defective layer was identified through the slicing process, 

additional indices related to surface functional analysis were employed to gain deeper insights into the layer's 

characteristics. These indices focused on evaluating the volume of material or voids and the mean thickness of material 

or voids within each region (AR, UR, and LR), as shown in Fig. 32, b. These parameters were found to be suitable for 

surface quality characterization of additively manufactured parts [91]. In the context of the present work, this analysis 

was used to quantify how the material and voids were distributed in each layer, gathering precious information about 

the amount of material exceeding the upper acceptable limit, or the number and entity of voids when the UF condition 

was induced. The application of the above-mentioned analysis on layer surfaces produced by MEX provided a more 

comprehensive picture of the surface conditions 

 

 

Fig. 32:a) Example of PPA output after the thresholding on the layer surface; b) definition of functional analysis parameters that 

will be used for the layerwise surface monitoring. 

 

4.6.3. Experimental plan. 

The monitoring system was tested on samples fabricated using white PLA filament provided by Fabbrix®. To assess 

the robustness of the monitoring methodology, three distinct cross-section geometries were selected: a circle, a square, 

and a five-edged star (see Fig. 33). These shapes were chosen to evaluate the system’s ability to reliably monitor and 

analyze layer quality regardless of the complexity or symmetry of the printed geometry. The maximum dimension of 

each sample in the 𝑥𝑦-plane was set to 20 mm, and all parts were printed at the same location on the build plate. The 

nominal height of the samples was 2 mm, with a layer height of 0.2 mm, which is a standard parameter for Material 

Extrusion (MEX) printers equipped with a 0.4 mm nozzle. The printing parameters (PP) used in this study are 

summarized in Table 5. To simulate a variety of common surface defects, three distinct process conditions were 

implemented: the optimal condition (OC), representing the use of optimized process parameters, from manufacturer 

specifications, and two defective conditions typical of MEX processes, which are underfill (UF) and overfill (OF). 

These conditions were intentionally induced to evaluate the system’s capability to detect and analyze defects. 

• Underfill (UF): This condition, characterized by insufficient material deposition, was achieved by reducing 

the flow rate to 95% of the optimal value, increasing the printing speed by 60% relative to the nominal (50 
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mm/s), and increasing the raster width beyond the nozzle diameter. The result was a shortage of material in 

areas where a solid layer should form. 

• Overfill (OF): This condition, involving excess material deposition, was induced by increasing the flow rate, 

reducing the printing speed, and using a narrower raster width compared to the optimal parameters. 

Each cross-section geometry was printed under the three process conditions, resulting in a total of nine specimens 

(Table 6). This experimental design allowed for a comprehensive evaluation of the monitoring system across varied 

geometric and process scenarios. The inclusion of different geometries and process conditions ensured that the 

methodology was rigorously tested for its ability to identify and characterize defects, regardless of shape or parameter 

variations. 

 

 
Fig. 33: Specimens cross-sections considered for the experiment. 

Table 5: Printing parameters 

PP 
Over-Fill 

(OF) 

Optimal 

Condition 

(OC) 

Under-Fill 

(UF) 

Printing 

speed 

[mm/s] 

30 50 80 

Flow 

rate[%] 
105 100 95 

Raster 

width 

[mm] 

0.3 0.4 0.5 

 

Table 6: Nomenclature for specimens. 

Cross-

section 
Samples nomenclature 

Circle C_OF C_OC C_UF 

Square Sq_OF Sq_OC Sq_UF 

Five 

edges 

star 

St_OF St_OC St_UF 
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4.6.4. Results 

Projected Percentage Area PPA. From the segmented point clouds, the PPA values corresponding to points in the 

upper region (UR), acceptable range (AR), and lower region (LR) were computed for each layer and sample, and their 

trends were subsequently analyzed (Fig. 34). These three PPA values collectively represent the overall surface 

condition of the layer, with the sum of PPALR+PPAAR+PPAUR=100%. In the proposed monitoring framework, these 

indices provide an efficient and rapid method for determining whether the surface of a layer meets quality standards. 

To begin, the PPA results for samples printed under optimized conditions were analyzed. A key observation was that 

the Percentage of Points in the Acceptable Range (PPAAR) consistently exceeded 65% for circular and square cross-

sections, indicating that the majority of points fell within the acceptable range for these geometries. However, the star-

shaped cross-section exhibited a lower PPAAR, highlighting its more complex geometry. Among the circular and square 

samples, PPAAR values were the highest, with most layers exceeding 90%. In contrast, the star sample showed a higher 

concentration of points in the upper region, particularly in areas of overfill. 

Examining the circular sample further, the PPAUR remained below 10% across layers, with overfill defects 

predominantly observed at the junctions between infill lines and the wall layer. Similarly, the square sample 

maintained PPAUR below 10%, except for a slight increase in layers 8 and 9. In comparison, the star-shaped sample 

exhibited the highest PPAUR among the three geometries, attributed to its angular features. Visual analysis of the sliced 

images revealed that material accumulation was most pronounced at the intersections between infill and wall lines, as 

well as at narrow corners and tips (Fig. 35). This behavior can be explained by the deceleration of the nozzle at the 

end of raster tracks, which results in localized material buildup, particularly in the square and star specimens. 

Regarding the lower region, PPALR values averaged 12% for circular samples and 8% for square samples, with 

maximum values reaching 20%. The star-shaped sample, however, consistently exhibited the lowest PPALR, typically 

below 4%, consistent with the higher complexity of its geometry and its sensitivity to sharp corners and tips. When 

analyzing defective conditions induced intentionally (Fig. 36), distinct trends emerged. For overfill conditions, all 

samples displayed material accumulation that worsened with successive layers. The circular sample reached a PPAUR 

of 70%, while the square and star samples exhibited even greater material excess, with PPAUR exceeding 95%. In the 

circular sample, the overfill was primarily driven by process parameter variations, as its simple geometry lacked the 

sharp features observed in the other specimens. Underfill conditions were also examined (third column of Fig. 34). 

The circular sample demonstrated the highest PPALR, approximately 40%, with underfill zones appearing consistently 

across layers. Despite this, PPAUR values for the circular sample remained low, never exceeding 6%. In contrast, square 

and star samples showed underfill defects in the initial layers, which diminished as the layer count increased. These 

samples eventually exhibited increased PPAUR, with material accumulation occurring primarily at tips and infill-wall 

connections (Fig. 36). Notably, even with modified process parameters to reduce material deposition, overfill regions 

were still more prevalent in square and star specimens, highlighting the complex interplay of geometry and process 

conditions. 

 



 

 

   

   

   

Fig. 34:PPA results divided by strategy. 
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Fig. 35: ‘Tip/corner effect’ showed for specimens printed with OC parameters. In yellow the not measured points are represented. 

Print direction was kept constant for each layer, and it was chosen to be −45 degrees. 

 

Material and void. Unlike the rasterization method, where point heights within the same node are typically averaged 

[37,90], the proposed monitoring methodology retained the height information of each point, enabling a more detailed 

analysis. This study explored the feasibility of performing a functional analysis on each layer, focusing on the 

distribution of material and voids. This approach provided critical insights into the severity of defects, offering a 

deeper understanding of the printing process. The volumes of voids (VV) and material (VM) in each region were 

calculated and analyzed. To streamline the discussion, both VV and VM were expressed as percentages, recognizing 

their complementary relationship (𝑉𝑉+𝑉𝑀=100%). To avoid redundancy, only the void volume percentages (𝑉𝑉) are 

reported. Results were grouped by sample geometry (Fig. 37, a for the circle, Fig. 37, b for the square, and Fig. 37, c 

for the five-edged star) and examined across three process conditions: underfill (UF), optimal condition (OC), and 

overfill (OF). The void percentages in the lower region (VV𝐿𝑅) ranged from 0–5%, indicating that these regions 

predominantly contained material. Under induced underfill conditions, VV𝐿𝑅 values were more dispersed but generally 

remained around 5%, irrespective of sample geometry. In the acceptable range, the void percentages (VV𝐴𝑅) varied 

more significantly. Circular samples (Fig. 37, a) exhibited less dispersion (20% of the maximum range) but were 

concentrated at higher void percentages (60–80% for UF, 50–70% for OC). Square and star samples (Fig. 37, b and 

Fig. 37, c) showed a consistent decrease in VV𝐴𝑅 as layer numbers increased. For example, in square samples printed 

under UF conditions (Sq𝑈𝐹), VV𝐴𝑅 decreased from 80% in the initial layers to 20% in later layers. Star-shaped samples 

consistently recorded the lowest VV𝐴𝑅 values across all process conditions. Due to the definition of the acceptable  
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Fig. 36: Sliced point clouds showing the evolution of the PPAUR and PPALR for samples realized with induced overfill and 

underfill. 

 

range, achieving the ideal layer condition, with height values close to the nominal, requires VV𝐴𝑅 to equal 50%, as 

illustrated in Fig. 37, d. 

To further characterize the defects, the mean thickness of material and voids in each region (lower region (LR), 

acceptable range (AR), and upper region (UR)) were computed. This thickness was calculated as the ratio of defect 

volume (𝜇𝑚3) to the defective area (𝜇𝑚2). Table 7 and Table 8 reported the mean void thickness in the LR and mean 

material thickness in the UR, respectively. Voids in the LR were significant because they are less likely to be filled by 

subsequent layer deposition. In this study, the mean void thickness in the LR never exceeded 40 µm (20% of the layer 

height), remaining within acceptable limits for most conditions. Under induced overfill, void thickness in the LR was 

consistently below 10 µm. Conversely, the mean material thickness in the UR reflected the extent of excess material. 

Across all samples, material thickness in the UR increased with layer number, with the highest values observed in 

square and star specimens under OF conditions. 
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Fig. 37: Volume of Void results from functional analysis for: a) Circle, b) squared and c) five-edge star specimens. d) represent 

the theoretical result expected from this type of analysis.  

 

In contrast, specimens printed under UF conditions exhibited lower material thickness in the UR. For the final layer, 

material thickness values were used to compute the average height of the sample obtained through the monitoring 

system (AH-BLP). These results were compared with the Average Height (AH-SL) calculated from offline 

measurements using the GOM ATOS Q 8M structured-light scanner, equipped with a 100 mm lens and certified 

accuracy, as already mentioned in section 4.4 relative to the calibration phase. Results are shown in Table 9. The mean 

thickness of material in the UR was computed using points above the threshold set 50 µm above the nominal height. 

Thus, AH-BLP was calculated as the upper limit of the acceptable range (2.05 mm) plus the mean thickness of material 

in the UR. Comparing AH-BLP with AH-SL revealed good agreement when excess material was more evenly 

distributed, as indicated by higher 𝑃𝑃𝐴UR. This alignment was particularly notable for samples printed under OF 

conditions and in a few other cases characterized by pronounced 𝑃𝑃𝐴UR. Conversely, the largest discrepancies were 

observed when material thickness in the UR was minimal (approximately 1 µm) and 𝑃𝑃𝐴UR ranged between 2.12% 

and 5.5% (e.g., samples C𝑂𝐶 and C𝑈𝐹). It is important to note that the material thickness in the UR reflects only points 

above the upper threshold, whereas the AH-SL measurement encompasses the entire layer surface, including points 

below the threshold. 
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Table 7: Mean thickness of voids in the lower region. 

 Mean thickness of voids in the lower region [µm] 

 C_OF Sq_OF St_OF C_OC Sq_OC St_OC C_UF Sq_UF St_UF 

L1 <1 <1 6 2 2 <1 3 8 1 

L2 <1 <1 5 4 2 1 9 20 4 

L3 <1 <1 5 8 2 2 14 17 6 

L4 <1 <1 5 12 1 3 14 7 9 

L5 <1 <1 6 15 1 3 12 6 12 

L6 <1 <1 6 20 1 4 14 6 15 

L7 <1 <1 6 26 1 6 16 4 16 

L8 <1 <1 8 31 1 7 17 6 20 

L9 <1 <1 9 34 1 6 18 6 28 

L10 <1 <1 9 38 1 7 22 5 36 

 

Table 8: Mean thickness of material in the upper region. 

 Mean thickness of material in the upper region [µm] 

 C_OF Sq_OF St_OF C_OC Sq_OC St_OC C_UF Sq_UF St_UF 

L1 8 10 10 1 <1 2 2 <1 8 

L2 15 21 22 1 <1 4 1 2 8 

L3 25 35 39 1 <1 7 1 3 10 

L4 36 49 46 1 <1 9 1 5 9 

L5 44 62 50 1 1 15 1 6 8 

L6 47 71 48 1 1 17 1 7 6 

L7 46 76 52 1 1 22 1 7 5 

L8 49 84 48 <1 2 27 1 8 3 

L9 49 90 52 <1 5 30 1 11 3 

L10 54 101 67 <1 1 45 1 15 5 

 

Table 9: Data validation through Average Height (AH) obtained from the SL and the BLP. 

 C_OF Sq_OF St_OF C_OC Sq_OC St_OC C_UF Sq_UF St_UF 

AH-M [mm] 2.104 2.151 2.117 2.050 2.051 2.095 2.050 2.065 2.055 

AH-SL [mm] 2.076 2.147 2.108 1.993 2.067 2.093 1.976 2.059 2.04 

AH_dev. [μm] 28 4 9 57 16 2 74 6 15 

PPAUR [%] 66.9 99 86 2.12 5.19 86 5.42 38 29 

 

 

 

 

 

 



 

4.6.5. Defect coordinates extraction for possible corrective action 

 

 

Fig. 38: Contour extraction workflow for future developments. 

 

The proposed methodology for extracting the coordinates of defective regions, illustrated in Fig. 38, began with a 

binary height thresholding process applied to the point cloud of each layer. This involved segmenting the original 

surface at a predetermined height threshold, resulting in a binary representation of the surface. The segmented point 

cloud consisted of clusters of points, or called grains, that corresponded to areas above or below the defined threshold. 

To facilitate potential corrective actions, certain modifications were applied to the binarized point cloud. In the case 

of underfill regions, isolated grains smaller than 0.4 mm, which corresponded to the nozzle diameter of the extruder, 

were removed. The remaining grains were then merged to form a coherent representation of the defective areas. For 

overfill regions, there were fewer constraints, particularly if machining the entire layer is an option. In such cases, 

grains can be selected based on the height of the points within the defective region, providing justification for 

corrective actions such as material removal. Following these adjustments, the contours of the defective areas were 

overlaid on the original layer surface as a mask. This masking process facilitated the execution of the contour 

extraction algorithm, which identified and extracted the coordinates of points outlining the defective regions. These 

coordinates are then made available for further analysis or corrective interventions. An example of contour extracted 

for different geometry cross-section is shown in Fig. 39. 

The proposed approach demonstrates significant potential for detecting, identifying, and quantifying defects that arise 

during the printing process. By applying height thresholds to generate sliced representations of layer surfaces, the 

method facilitates the extraction of contours that define defective regions. This enables precise localization of 

defective zones on the layer surface, allowing for accurate identification of problem areas. Furthermore, integrating 

additional data, such as the mean thickness of material and voids, provides deeper insights into the extent and 

dimensions of these defects. This detailed understanding is particularly valuable for implementing targeted corrective 

actions, such as adding material in underfilled areas or removing excess material in overfilled regions. These 

adjustments ultimately optimize the printing process and enhance the quality of the final printed objects. For 

underfilled areas, the extracted coordinates of defective regions could be used to generate toolpaths, directing the 

printhead to deposit material in these specific zones, when the dimensions of the defect allow. This process could 
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leverage the calculated mean thickness of voids to ensure precise and efficient material addition. For overfilled regions, 

a potential solution involves equipping the printer with a small milling tool mounted near the printhead. This tool 

could be used to remove excess material from overfilled areas when a material accumulation is detected, with the 

depth of the cut determined by the mean thickness of material in the upper regions, as outlined in Table 8. While 

hybrid systems combining additive and subtractive manufacturing are already available in the market, the ability to 

integrate in-process monitoring data with targeted corrective actions remains a key advancement. This integration 

would ensure that corrective measures are implemented both effectively and efficiently, leading to improved print 

quality and greater process optimization.  

 

 

Fig. 39: Example of contour extraction applied on a squared section specimen. 

 

4.7. Conclusion about MEX monitoring activities 

This thesis presented robust and innovative in-situ monitoring methodologies aimed at detecting, localizing, and 

quantifying surface defects commonly encountered in Material Extrusion (MEX) processes, such as underfill, overfill, 

blobs, and voids. By integrating a high-resolution blue laser profilometer into a consumer-grade MEX printer, the 

proposed system provided detailed layer-by-layer surface data, unaffected by ambient light conditions, enabling 

precise in-process defect detection and quality evaluation. One of the most significant challenges in AM metrology is 

the lack of standardized and reliable metrics to evaluate part quality during manufacturing. For this reason, several 

quality indices, including the Cumulative Height, Layer Height Average Deviation (ADLH) and its slope (s), and 
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Residual Absolute Deviation (RAD), were employed to evaluate layer dimensional accuracy, surface conditions, and 

process stability. Together, these indices revealed the relationship between dimensional and surface defects, showing 

that high ADLH values were often associated with significant dimensional deviations, while high RAD values 

highlighted the presence of widespread surface defects, even when dimensional errors were minimal. The stability of 

the process was further assessed through the slope of ADLH trends, which provided insights into process shifts and 

layer-to-layer consistency. 

Alongside proposing reliable monitoring methods, this thesis addressed also critical gaps in the field of metrology for 

Material Extrusion (MEX) processes, focusing on the development and validation of consistent indexes that can be 

used for monitoring purposes. This was made possible thanks to the high-resolution profilometer used as main sensor 

for the monitoring setup and integrated into the 3D printer. In the second research activity was successfully 

demonstrated the feasibility of functional surface analysis as a powerful tool for monitoring layer morphology and 

defect characterization in MEX processes. Unlike traditional rasterization methods, the proposed approach retained 

raw point cloud data, preserving critical surface details and enabling a more precise analysis of defect morphology. 

Through the integration of functional analysis tools, quantitative indices such as Projected Percentage Area (PPA), 

Volume of Void (VV), and Volume of Material (VM) were developed to evaluate the distribution and severity of 

defects. These indices provided actionable insights into process performance, enabling accurate defect detection, 

localization, and quantification. 

By addressing the lack of universally recognized process signatures in MEX, this work introduced robust and reliable 

metrics, to assess dimensional accuracy, surface quality, and process stability. The results highlighted the ability of 

these indices to distinguish between dimensional deviations and surface defects, offering a comprehensive framework 

for in-situ quality monitoring. Furthermore, the contour extraction algorithm proposed in this study demonstrated the 

potential for real-time corrective actions, such as targeted material deposition in underfilled areas and material removal 

in overfilled regions. These corrective strategies align with the zero-defect manufacturing paradigm, reducing waste 

and enhancing resource efficiency. The methodologies were rigorously tested on specimens with varying geometries 

and process parameters to evaluate their robustness and versatility. The findings revealed that sharp geometries, such 

as star shapes, were more prone to material accumulation and defects, especially at tips and corners, while circular 

geometries exhibited better surface control. These insights underscore the importance of integrating process-specific 

metrics with real-time monitoring to address challenges posed by complex geometries. 

In addition to its applications in MEX, the proposed systems put the basis for broader adoption in other AM 

technologies, such as L-PBF and L-DED, where real-time monitoring and functional analysis are equally critical. 

Indeed, by looking at section 3.3.5, the laser profilometer has been already proposed as a monitoring sensor for metal 

AM, because of its precision and its ease of use. By exploiting the versatility of the high-resolution BLP and by 

utilizing the raw point cloud data, this research provides a pathway for achieving higher precision in AM metrology. 

The introduction of robust process signatures and actionable defect metrics addresses a key need identified in the 

literature, laying the groundwork for future advancements in AM monitoring systems. 



 

In summary, this work contributes significantly to broadening the metrological side in MEX processes by introducing 

a comprehensive, in-situ monitoring methodologies based on surface quality indexes. It advances both the 

understanding and the practical application of in-situ functional analysis, offering a scalable solution for defect 

detection and process optimization. These findings not only enhance the reliability and repeatability of MEX processes 

but also establish a foundation for advancing metrology across the broader field of additive manufacturing. 

 

4.8. Critical review of MEX proposed monitoring methods 

Despite all the advantages discussed in section 4.7, the proposed monitoring systems were characterized by some 

limitations which should be addressed in future works. One key limitation lies in the fixed position of the BLP, which 

is secured to the 3D printer’s frame. This setup inherently restricts the maximum height of the parts that can be printed, 

as the BLP operates within a predefined field of view (FOV) where measurements maintain certified accuracy. Beyond 

this range, the reliability of measurements reduces, effectively defining a fixed scanning volume that cannot be 

changed with the current setup. To solve this issue, a possible improvement would be to mount the BLP on a movable 

axis synchronized with the printer. Such a configuration would enable the sensor to move upward at the end of each 

scan, expanding the system’s effective scanning volume and allowing for taller parts to be monitored. 

Another important factor to consider is the test of the monitoring system on a real-time case. Despite it was 

demonstrated that point cloud can be used as real-time monitoring tool for AM [212], additional experiments are 

necessary to validate the proposed quality indices under more complex and realistic conditions. During these 

preliminary experiments the feasibility and potential of the quality indexes were demonstrated but no information 

about the computational cost of these algorithms was conducted. This represents a critical step that must precede the 

full integration of the monitoring system into the printing process. Understanding the computational requirements is 

essential to ensure the system operates efficiently and does not hinder the printing workflow. In the context of real-

time monitoring, it would also be valuable to explore the integration of the computed quality indices into neural 

network models. Such an approach could significantly expand the range of monitoring applications, enabling advanced 

defect prediction and process optimization. By leveraging machine learning, the monitoring system could provide 

deeper insights into the printing process, enhancing its utility and scalability for broader additive manufacturing 

applications. 

  



 

5. L-PBF monitoring for lattice structures characterization 

Despite the extensive literature on monitoring systems and techniques L-PBF-related, lightweight structures remain 

particularly challenging in terms of in-process monitoring due to their complex nature and their intricate features. 

Offline inspection methods (such as XCT and SEM) have been proved to be highly effective by evaluating dimensional 

accuracy, surface quality, and porosity. However, these methods are typically costly, and time-consuming, making 

them not suited for real-time monitoring purposes. This poses a critical limitation to AM processes, where defects can 

lead to significant material and energy waste.  

Current research highlighted the need for in-process monitoring systems for lightweight structures that can capture 

process signatures, such as strut diameter, and axis waviness. These are crucial for assessing the mechanical properties 

and overall quality of lattice structures. In response to these challenges, the work presented in this chapter leverages 

promising HR-OT monitoring system, to provide a robust and reliable solution for real-time defect detection in lattice 

structures production. In this section the monitoring activities performed to evaluate lattice structures produced by L-

PBF are discussed. First, the lattice design and production are described. The monitoring setup is illustrated 

consequently, followed by the image processing algorithm description. Results obtained from the experiment are 

discussed and final, the section concludes with conclusions and a critical review section. This research work was 

conducted in collaboration with Prof. Sabina Luisa Campanelli's research team, which carried out the activities related 

to the fabrication of the lattice structure using the L-PBF process. The results of this work have been published in the 

following research paper: [38]. 

 

5.1. Lattice design and production 

The lightweight structural element investigated in this study is the Octet-Truss (OCT) elementary cell, known for its 

symmetrical geometry in all three dimensions. Each unitary OCT cell, with dimensions of 8 mm and strut diameters 

of 2 mm, was replicated periodically to occupy a parallelepiped volume with a square base measuring 24 × 24 mm² 

and a total height of 47 mm and the final result is displayed in Fig. 40. Additionally, two skins were incorporated into 

the design: a bottom layer of 5 mm thickness and a top layer of 2 mm thickness. These dimensions, particularly the 

strut diameter and cell size, were carefully selected to align with the printability limitations and processing constraints 

established in prior studies [213], which emphasize factors such as powder particle size, laser beam focusing 

capabilities, and the challenges associated with generating detachable supports without inducing distortions in the 

specimen. The CAD model for the OCT structure was created using nTopology software, employing specific 

discretization parameters to ensure a high level of accuracy in the resulting model. Following this, the STL file was 

imported into Materialize Magics for further preparation, including optimal placement on the building platform and 

slicing operations. The manufacturing process utilized L-PBF technology, executed on a Concept Laser M1 Cusing 

machine equipped with a solid-state Nd:YAG laser with a wavelength of 1060 nm, a laser spot diameter of 200 µm, 

and a maximum power output of 100 W. The process parameters were set with the laser power at 100 W, a scanning 



 

speed of 180 mm/s, a layer thickness of 40 µm, and a hatch distance of 140 µm. The structure was oriented at a 45° 

angle relative to the recoater blade to prevent interference during the recoating process. A contour infill scanning 

strategy was employed, involving random 5 × 5 mm scanning islands to minimize thermal stress [213]. AISI 316L 

gas-atomized metal powder, characterized by its spherical shape and particle size distribution of 15–45 µm, was used 

as the material for manufacturing. Together with the lattice structure, four cylinders with 14 mm diameter were printed 

at specific location on the substrate as shown in Fig. 40. These will be necessary during the perspective correction 

phase. 

 

 

Fig. 40: OCT lattice structure produced during the proposed experiment. 

 

5.2. Monitoring setup 

The monitoring system employed in this study was designed to capture high-resolution images of the layer-by-layer 

L-PBF process using a consumer-grade DSLR camera, the Canon EOS 760D, equipped with a 24.2 megapixel APS-

C sensor (22.2 × 14.8 mm), in the configuration shown in Fig. 41. The setup configuration employed a Canon EF 105 

mm macro lens, achieving an optical resolution of 18 µm/pixel. This resolution aligns with comparable high-resolution 

optical tomography (HR-OT) systems and represents an improvement over earlier setups [107].  

The system was configured to record light emissions resulting from the laser-material interaction during the scanning 

of each layer. The exposure time for each frame was synchronized with the time required to complete the laser scan 

of a layer, ensuring that the camera captured the full scanning trace of the laser. The camera is shooting in bulb mode. 

This synchronization was achieved using a trigger mounted on the recoater system, allowing the camera to adjust 

exposure times dynamically for layers with varying geometries, as commonly observed in lattice structures. 



 

 

Fig. 41: HR-OT setup. 

 

The acquisition process began immediately after the recoater completed spreading the powder and ceased just before 

the blade initiated spreading for the next layer. To maximize the depth of field and ensure all slices of the specimen 

were in focus, the aperture was set to f/29. ISO sensitivity was kept at 100 to maintain image sharpness and avoid 

noise. Neutral Density (ND) filters were mounted on the lens to control the light intensity and prevent overexposure 

during image acquisition. Since the AM machine was not equipped with dedicated monitoring equipment, the camera 

was placed externally with an off-axis configuration, inclined at a specific angle to capture the build area through the 

single window available on the front panel of the printing chamber. A telescopic tripod was employed to position and 

stabilize the camera at the correct angle. Because of the off-axis nature of the monitoring setup, perspective corrections 

were necessary to ensure accurate geometric representation in the captured images. 

 

5.3. Perspective correction 

As explained in the previous chapter, the camera is tilted of a specified angle to the bed. This off-axis nature introduced 

perspective phenomena in the resulting images that cannot be neglected. Therefore, before applying the image 

processing algorithm, a perspective correction needs to be done, ai it is shown in Fig. 42. The initial phase focused on 

performing the perspective correction of images by identifying the coordinates of reference cylinders positioned at the 

extremities of the plate. These coordinates were obtained using a coordinate measuring machine (CMM Demeet 400, 

with a resolution of μm X/Y/Z 3.9+L/150). A contact measurement system was employed, consisting of a ruby-tipped 

probe with a 2 mm diameter, manually operated via a joystick. The process began by defining a reference plane 

coinciding with the upper surface of the specimen base. Eight points were probed on the surface to establish this plane. 

A reference system was then set up by defining two points along the x-axis and one along the y-axis. With the reference 

system established, the coordinates of the cylinder centers were measured by taking three readings for each cylinder. 

Each measurement involved acquiring ten points: four points on a plane at a random height z relative to the specimen’s 
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reference plane, four on a different plane, and two randomly selected points. This multi-point approach minimized 

measurement uncertainty. The cylinder center coordinates were determined by averaging the three sets of 

measurements. 

 

 

Fig. 42: Perspective correction process. 

 

Subsequently, the pixel-based coordinates of the cylinder centers were extracted from optical monitoring images. Five 

sample images were selected from the total dataset of 1175 images to compute an average of the extracted coordinates. 

This is possible because the cylinders displayed in every image theoretically should have the same location in the 

picture, unless camera movements. The distance between the camera sensor and the powder bed remains unchanged 

because after the deposition of each layer, the platform is lifted down to leave space for the new layer production. 

Following this, it was possible to consider only some images to generate average coordinates for the centers of the 

calibration cylinders. The software ImageJ was utilized for the task of perform the perspective correction of the 

images, following these steps: 

 

• Image binarization using the "Make Binary" command in the "Process" menu. 

• Noise removal via the "Remove Outliers" command. 

• Edge detection with the "Find Edges" function. 

• Data extraction using the "Analyze Particles" command in the "Analyze" menu. 

 

In this phase ImageJ was used for its simplicity, as only 5 images were required to obtain the necessary data useful for 

the perspective correction. Indeed, compared to MARTLAB, ImageJ offers a more straightforward method for 

extracting pixel coordinates. The pixel-based coordinates from each sample image were averaged, resulting in a single 

pair of x, y values for each cylinder. In the subsequent phase, the real-world mm-based coordinates derived from the 
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CMM measurements and the pixel-based coordinates from the optical images (prior to perspective correction) were 

used to compute the corrected pixel coordinates. The transformation was defined in equations (6) and (7) as: 

 

𝒙𝒇𝒊𝒙𝒆𝒅𝑷𝒐𝒊𝒏𝒕𝒔 = 𝒙𝒎𝒐𝒗𝒊𝒏𝒈𝑷𝒐𝒊𝒏𝒕𝒔 + (
𝒅𝒙

𝒓𝒊𝒔
)                    (𝟔) 

𝒚𝒇𝒊𝒙𝒆𝒅𝑷𝒐𝒊𝒏𝒕𝒔 = 𝒚𝒎𝒐𝒗𝒊𝒏𝒈𝑷𝒐𝒊𝒏𝒕𝒔 + (
𝒅𝒚

𝒓𝒊𝒔
)                    (𝟕) 

 

Where 𝑥𝑓𝑖𝑥𝑒𝑑𝑃𝑜𝑖𝑛𝑡𝑠  and 𝑦𝑓𝑖𝑥𝑒𝑑𝑃𝑜𝑖𝑛𝑡𝑠 are the corrected pixel coordinate, 𝑥𝑚𝑜𝑣𝑖𝑛𝑔𝑃𝑜𝑖𝑛𝑡𝑠 and 𝑦𝑚𝑜𝑣𝑖𝑛𝑔𝑃𝑜𝑖𝑛𝑡𝑠 are the 

uncorrected pixel coordinates, 𝑑𝑥 and 𝑑𝑦 are the differences along x and y axes between CMM-measured coordinates 

in mm and 𝑟𝑖𝑠 is the resolution, computed in equation (8) as: 

 

𝒓𝒊𝒔 =
∆𝒙

∆𝑿
[

𝒎𝒎

𝒑𝒊𝒙𝒆𝒍
]                            (𝟖) 

 

Here, ∆𝑥 represents the distance in mm between two cylinders along the same y-coordinate from the CMM 

measurements, while ∆𝑋 is the corresponding pixel distance in the optical image. 

Once established the average centers pixel coordinates for the perspective correction, based on the 5 sample images, 

and the processing workflow for each image was finalized, MATLAB was employed to batch process and to apply 

perspective correction to all the optical monitoring images (Fig. 43). In other words, the ImageJ software was initially 

used as a mean to evaluate if the algorithm proposed was reliable or not and, when the best solution was identified, it 

was transferred to MATLAB software to automate the entire image processing phase. 

The corrected pixel coordinates were multiplied by the resolution to convert them into mm. This allowed a comparison 

between the optical monitoring-derived cylinder distances (69.942 mm) and the CMM-measured values (70.225 mm). 

The minimal difference confirmed the accuracy of the perspective correction process. When satisfying coordinated 

for the four points were found, the perspective correction phase was concluded. Indeed, the same coordinates will be 

used to correct every image of the dataset. 

 

5.4. HR-OT applied for lattice structure monitoring 

 

5.4.1. Image processing algorithm 

The image processing method developed in this study aims to enhance the resolution of the existing High-Resolution 

Optical Tomography (HR-OT) system [214] by improving the extraction and analysis of the geometric contours from 



 

images. This process enables the generation of accurate 3D point clouds for dimensional analysis and geometric 

comparisons with 3D scans or CAD models. Initially, perspective-corrected images were used as the basis for 

extracting the laser scan contours. A systematic selection process was employed to identify five representative images 

from the total dataset of 1175 images, chosen at intervals to provide a general sample. These images underwent a 

sequence of filtering and processing steps, as illustrated in Fig. 43, to isolate the geometric contours while excluding 

noise and artifacts, such as spatter generated during the laser fusion process. Special attention was given to mitigate 

the influence of artifacts amplified by the perspective correction process. 

 

 

Fig. 43: Image processing workflow for HR-OT monitoring. 

 

The image processing method began with the application of color thresholds based on RGB values to emphasize the 

laser-scanned areas, ensuring that the parameters were tailored to different groups of images to account for variations 

in lighting and exposure. Following this, the images were converted into a binary format, isolating regions of interest 

while minimizing the inclusion of irrelevant features, such as for example the spatter influence. A noise reduction 

filter was then applied to remove pixel-level noise, enhancing the clarity of the binary images and ensuring a clean 

dataset for better contour extraction. Subsequently, an edge-finding algorithm was used to detect the contours of the 
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images, which were then skeletonized to reduce their width to a single pixel, providing a precise representation of the 

geometric boundaries. Once the correct contour of each layer was extracted, the x, y coordinates of each point 

belonging to the contour were extracted. Subsequently, the point clouds relative to each layer were stacked by 

automatically adding the z coordinate and the 3D reconstruction was done. The final step involved segmenting the 

processed images into contours corresponding to external geometries and potential internal defects, enabling separate 

analyses of geometric imperfections and material anomalies. 

To streamline the processing of a large dataset (1175 images), a MATLAB script was developed. This script automated 

the extraction of x, y coordinates for each pixel in the contours and assigned a z coordinate corresponding to the 

layer height. The resulting data were saved as a .txt file for further analysis.  

Irrelevant elements, such as spatter and internal cylinders, were manually removed to refine the dataset. To enhance 

efficiency, the point cloud was uniformly downsampled, reducing the total points to approximately 8 million. The 

refined point cloud was then converted into a mesh using Geomagic Wrap. The maximum number of triangles in the 

mesh was capped at 2.5 million to optimize dimensional characteristics while maintaining computational efficiency. 

This enhanced image processing method demonstrated improved accuracy and efficiency in generating point clouds, 

providing a reliable basis for dimensional analysis and geometric comparison in the HR-OT system. The system 

developed operates in two main stages: the acquisition of frames and the subsequent image processing. The frame 

acquisition phase was seamlessly integrated into the printing process, without adding delays, as the camera was 

automatically triggered by a sensor linked to the recoater mechanism. Once the recoating phase was completed with 

a new powder layer, the sensor activated the camera to capture the image. The image processing stage followed 

immediately, including grayscale conversion, binary transformation, contour detection, and skeletonization. The 

duration of this processing phase depends on the computational capacity of the system but typically remains shorter 

than the time required to complete the scanning of each layer. This allows the analysis of data from one layer to be 

completed before the subsequent layer is printed. As a result, the system is highly suitable for real-time monitoring 

and facilitates effective process control during additive manufacturing. 

 

5.4.2. Data analysis methodology 

The methodology for data analysis was designed to evaluate the dimensional and geometric accuracy of the as-built 

lattice structure and to identify critical defects generated during the L-PBF process. The in-situ data analysis involved 

comparing the slice contours extracted from HR-OT images with the corresponding CAD model contours. This 

comparison was conducted using software capable of generating colored deviation maps and histograms, highlighting 

the differences between homologous points from the CAD and HR-OT data for representative layers and overall 

geometry. The average of the absolute deviations was computed layer-by-layer, allowing for the analysis of trends in 

dimensional accuracy with respect to the sample height. By evaluating 2D sections, it was possible to assess the 

geometric conformity of the as-built layers to the nominal design and to identify critical regions prone to deviations, 

an example is illustrated in Fig. 44. 



 

 

Fig. 44: Example of 2D profile geometric deviation analysis. 

 

A local analysis of the lattice structure's geometry was performed to investigate key parameters such as strut thickness 

and waviness. These parameters are critical as strut waviness can lead to eccentric loading, causing premature collapse 

below nominal loads, while deviations in strut thickness significantly affect the mechanical and energy absorption 

properties of the structure [48,215]. The analysis focused on two representative struts with different orientations: one 

aligned with the recoating direction and the other oriented opposite to it. Layer-by-layer contours were extracted from 

HR-OT images, and the strut cross-sections, elliptical due to their 45° inclination, were analyzed. Strut thickness was 

estimated from the minor axis of the fitted ellipse, while strut waviness was determined by measuring the Euclidean 

distance between the centers of the ellipses fitted to the as-built and nominal sections. At the conclusion of the 

manufacturing process, the extracted layer-by-layer contour points were compiled into a high-resolution point cloud, 

which was converted into a detailed 3D mesh. This mesh allowed for a comprehensive 3D comparison with the CAD 

model, including both external and internal features. The comparisons enabled an in-depth evaluation of dimensional 

deviations and provided data for further numerical simulations or post-process analyses, as will be demonstrated in 

the next section. For analyzing the lattice structure's internal geometry, including strut diameters and axes deviations, 

cross-sectional data from the HR-OT-derived mesh was utilized. Sections perpendicular to the strut axes were created 

to measure strut diameters, while deviations in the beam axes were evaluated by comparing the actual positions of 

circle centers in the as-built structure to their nominal positions from the CAD model. The graphical explanation of 

how the strut thickness and waviness were computed is shown in Fig. 45. This approach enabled precise identification 

of geometric imperfections, such as beams over or under-sizing, axis waviness and thickness, providing valuable 

insights into the structural integrity and potential weaknesses of the lattice. The results of these analyses, including 

deviation maps, strut dimension evaluations, and axis comparisons, will be detailed in the following section to 



 

highlight the efficiency and accuracy of the proposed monitoring system and its ability to detect and quantify defects 

in-situ and in real-time. 

 

 

Fig. 45: Computation of strut thickness and waviness. 

 

5.4.3. Results 

The results of in-situ monitoring for L-PBF produces lattice structure provided both qualitative and quantitative 

insights into the dimensional accuracy, geometric deviations, and critical defects encountered during the 

manufacturing process. These findings were analyzed layer-by-layer and supplemented with 3D geometric 

comparisons to provide a comprehensive assessment about the capabilities of the High-Resolution Optical 

Tomography (HR-OT) system. 

The 2D deviation analysis focused on comparing the contours extracted from HR-OT images, based on the proposed 

image processing algorithm, with corresponding CAD data for three representative layers at varying heights. Colored 

deviation maps and histograms were generated to visualize the dimensional discrepancies for each layer (Fig. 44). 

These tools proved to be highly effective in identifying critical deviations and provided quantitative feedback on the 

geometric and dimensional accuracy of the as-built structure. Layer-by-layer trends of the absolute deviations were 

analyzed (Fig. 46). Most deviations were within 0.1 mm, demonstrating good agreement between the as-built structure 

and the CAD model for most layers. However, layers corresponding to the strut sections (Fig. 47, a) and external 

nodes (Fig. 47, c) showed higher deviations, with values reaching up to 0.2 mm. These increased deviations were 

particularly prominent in the top skin layer, where geometric distortions were observed. The results highlighted those 

critical areas, such as overhanging struts and external nodes, are prone to greater inaccuracies, necessitating further 

refinement in the L-PBF process. At the end of the process, a 3D comparison was carried out between the HR-OT-

derived mesh and the CAD model, providing a comprehensive assessment of the structure’s overall quality.  
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As shown in the colored maps (Fig. 48), deviations were predominantly within ±0.1 mm, confirming the consistency 

of the in-situ 2D deviation analysis. 

 

 

Fig. 46: In-process 2D deviation analysis between the HR-OT and CAD data. As a reference, the colored map, showing the 

comparison between the photogrammetric model and the CAD, is reported in the picture.[38] 

 

Though critical areas were identified on external surfaces, especially at overhanging struts and external nodes, which 

are represented by the blue areas observable in Fig. 46. These findings were consistent with observations from the 2D 

deviation analysis. While the 3D comparison was performed offline and is similar to XCT analysis for characterizing 

geometric and dimensional properties, HR-OT offers the unique advantage of collecting layer-by-layer data during 

the process, with significantly lower costs. This makes HR-OT particularly suitable for real-time monitoring of 

complex geometries, such as lattice structures. 

A localized analysis of the struts geometry was conducted to examine key features, such as strut thickness and 

waviness. The thickness of the struts, measured as the minor axis of fitted ellipses, revealed distinct trends for two 

differently oriented struts, labeled A and B in Fig. 45. Strut A, aligned with the recoater movement, exhibited an 

average thickness of 1.98 mm with a standard deviation of 0.03 mm. The absolute percentage errors for this strut 

ranged from 1.60% to 5.22%, with most values falling between 1.97 mm and 1.99 mm. Conversely, strut B, growing 

in the opposite direction to the recoater, showed greater deviations, with an average thickness of 1.89 mm and a 

standard deviation of 0.06 mm. The absolute percentage errors for strut B ranged from 1.43% to 16.80%, with most 

values between 1.89 mm and 1.93 mm (Fig. 49, a and b). The waviness analysis further highlighted differences 

between the two struts. Strut A exhibited an average waviness of 0.10 mm with a standard deviation of 0.03 mm, while 

strut B displayed an average waviness of 0.13 mm with a standard deviation of 0.07 mm. 
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Fig. 47: HR-OT (red) and CAD (black) contours superimposed and 2D deviations analysis at layer n 575 (a), layer n 625 (b) and 

layer n 725 (c) 

 

 

Fig. 48: 3D geometric deviation map between the HR-OT point cloud and the CAD model. 

 

The discrepancies can be attributed to the growth direction of the struts relative to the recoater, with strut B, oriented 

towards the recoater movement, experiencing greater instability (Fig. 49, c and d). As highlighted in the literature 

[107,142], optical tomography is a widely used technique for detecting internal defects, utilizing visible and near-

infrared camera sensors. This technique indeed acquires a single image per layer which represents a collection of 

signals, imaged into the corresponding pixel detector, proportional to the radiation intensity emitted from the laser- 

a)
b)

c)

a) b) c)



 

powder interaction. Through this approach, the hatching pattern and scanning strategy become visible, within the 

constraints of the system's resolution capabilities. Furthermore, variations in the laser-powder interaction are 

detectable as changes in emitted radiation intensity, allowing anomalies in the melting process, potentially linked to 

defects, to be identified by analyzing pixel gray value variations. These intensity changes depend on the material state 

influenced by the laser; for instance, regions with unmelted powder emit higher intensity compared to areas of melted 

and resolidified material. This difference in emitted light is likely caused by the distinct cooling rates and thermal 

conductivity of unmelted versus melted and resolidified material. The proposed HR-OT technique proved effective in 

capturing anomalies related to the laser-powder interaction, offering valuable insights into layer-specific deviations 

and defect occurrence. 

 

  

  

Fig. 49: Results obtained after the strut waviness and thickness evaluation. a) represents the strut thickness of the A strut, while 

b) is related to the thickness of the B strut. c) refers to A strut in terms of waviness and d) is related to B strut waviness. 

 

For instance, gray value analyses of HR-OT images revealed differences in radiation intensity emitted from the laser 

interaction zone when defective process conditions happened, enabling the detection of process anomalies. These 

variations were linked to differences in thermal conductivity between unmelted powder and resolidified material, with 

superelevated areas and distortions most pronounced in strut edges growing against the recoater direction (Fig. 50). A 
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profile plot illustrating pixel gray values along a straight line revealed differences between regions with unmelted 

powder underneath (red areas), showing values near 255, and those with melted and resolidified material 

(corresponding to the lattice structure section), which displayed lower gray values. Examining the same layer, regions 

with significant geometric distortions, such as superelevated areas and edges visible in the colored map (Fig. 50, a), 

were linked to pixels with lower intensity (lower gray values) caused by the remelting of previously melted material. 

This occurred due to its higher thermal conductivity compared to unmelted powder, leading to reduced heat 

accumulation. The intricate geometry of the lattice structure makes these designs susceptible to superelevated edge 

defects, which are particularly prominent in the strut sections because of their reduced size (Fig. 50, b). Between two 

struts, labeled A and B (Fig. 50, b), a notably larger distortion was observed on strut B, as it was the first area of the 

layer impacted by the recoater. Superelevated regions and geometric distortions were heavily concentrated on edges 

growing opposite to the recoating direction (Fig. 50, c), which, in some cases, could result in the failure of the building 

process. 

Overall, the HR-OT system demonstrated its potential for in-process quality control, providing layer-by-layer data to 

detect geometric distortions and critical defects. These findings lay the groundwork for further statistical analyses and 

integration into process control strategies to enhance the reliability of LPBF processes for complex lattice structures. 

 

5.5. Conclusion about L-PBF monitoring activities 

This work introduced an innovative, cost-efficient in-situ optical monitoring system based on High-Resolution Optical 

Tomography (HR-OT) for layer-by-layer dimensional and geometric characterization of lattice structures 

manufactured via L-PBF. The proposed system demonstrated its capability to identify process inaccuracies and 

geometric distortions in real-time, utilizing 2D and 3D comparisons and localized analyses. At the conclusion of the 

manufacturing process, the system provided a detailed 3D reconstruction of the fabricated structure, enabling 

comprehensive quality assessments and potential integration with numerical simulation frameworks. The layerwise 

analysis highlighted critical insights into the geometric and dimensional accuracy of the fabricated structure by 

comparing actual data with nominal CAD specifications. Localized evaluations of strut geometry further underlined 

the system's utility, as these features significantly influence the structural performance of lattice geometries. The ability 

to measure key parameters such as strut thickness and waviness allowed for an in-depth assessment of features most 

susceptible to deviations during the L-PBF process. The accuracy of the implemented system was validated through 

comparisons with standard geometries, with average deviations of approximately 0.05 mm, aligning well with the 

inherent precision of the L-PBF process. These findings underscore the system's effectiveness in monitoring the 

fabrication of complex geometries and lattice structures. By reconstructing both external and internal features, the 

HR-OT system offers a cost-effective, faster and simpler alternative to X-ray Computed Tomography (XCT) for 

dimensional, geometric, and surface quality evaluations. In summary, the HR-OT system proves to be a powerful tool 

for in-process monitoring of LPBF, combining real-time capability, precision, and affordability. Its ability to capture 

internal structural details makes it an invaluable solution for ensuring the quality and performance of complex additive 

manufacturing builds, paving the way for improved reliability and reduced post-process inspection costs. 



 

 

Fig. 50: False color image analysis based on the pixel gray values. In a) the focus is on a geometric distortion detected on the 

same layer. In b) layer representing the struts sections when approaching the nodes. In c) strut sections with the indication of 

their growth direction with respect to the recoating direction 

 

5.6. Critical review on L-PBF monitoring method 

The proposed monitoring method offers several advancements over existing state-of-the-art techniques for monitoring 

complex geometries produced via LPBF. However, some limitations must be acknowledged, as addressing these 

challenges is crucial for the widespread implementation of the proposed in-situ monitoring system. One primary area 

for improvement is the development of a closed-loop control algorithm. Such an algorithm would enable real-time 

testing to definitively demonstrate the effectiveness of HR-OT as a real-time monitoring system. Without this 
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capability, the system remains primarily a diagnostic tool rather than a fully integrated real-time quality assurance 

method. Another challenge lies in the variability of spatter influence on the captured images. The spatter's effect can 

vary significantly between different manufacturing processes, making it necessary to optimize threshold limits for 

each application. At present, there is no standardized or rapid method for determining these parameters, which 

necessitates system calibration at the start of each production run. Similarly, the perspective correction must also be 

recalibrated for every new manufacturing setup. This process, while essential for ensuring data accuracy, adds a layer 

of complexity and preparation time to the system. An additional limitation is characterized by the use of physical 

markers, such as the four cylinders included in the field of view of the camera. These markers are crucial for both 

perspective correction and data validation. Given the inherent difficulty of performing measurements on lattice 

structures or freeform shapes, these markers serve as essential reference points. However, their inclusion requires 

material usage and design considerations that may not be feasible for every application. The single-camera setup of 

the system introduces another constraint. Measuring distortions along the building direction (z-axis) proved 

challenging, as the system struggled to differentiate between certain types of geometric deviations. For example, super-

elevated edges might be misinterpreted as planar distortions due to the lack of depth information. This limitation 

highlights the need for a multi-camera system or additional depth-sensing technologies to enhance the system's ability 

to characterize three-dimensional deviations accurately. Despite these limitations, the HR-OT system remains a 

valuable tool for the characterization of lattice structures. Its ability to provide detailed insights into dimensional and 

geometric accuracy, along with its cost-effectiveness compared to other techniques like XCT, makes it an important 

starting point for developing advanced in-situ real-time monitoring systems. Addressing these challenges will further 

enhance the system’s reliability and expand its applicability, paving the way for broader adoption in industrial settings. 

  



 

6. L-DED multi-directional monitoring based on a dual-camera 

system 

Following the discussion in section 3.3.6, despite the wide range of monitoring systems discussed for L-DED, they 

still face critical limitations. Several techniques have been proposed to develop closed-loop systems that adjust 

parameters in real-time during powder deposition. Although, because of high computational demands, many systems 

only execute correction intermittently (e.g., every two layers as seen in [10]). It follows the need for monitoring 

systems that are fast enough to capture the process signatures on every layer and capable of correcting defects as soon 

as they occur.  In addition, most current systems focus on simple, 2D single-direction thin wall geometries, which are 

far from complex, multi-directional shapes typically produced in L-DED applications. In this section the method 

proposed for L-DED multi-direction monitoring will be discussed. First, the design phase of the camera frame will be 

discussed. Consequently, the monitoring setup will be shown and the calibration method proposed for this system will 

be validated. The calibration turned out to be necessary to interpret correctly the measurements obtained from the 

monitoring system, which relies on a novel image processing technique tailored to melt pool height measurements. 

After explaining the data analysis methodology, the definition of the region considered reliable in terms of 

measurements will be shown. The results will be discussed and, finally, the conclusion about this activity and the 

critical review will be discussed. Before starting the discussion, it is important to highlight that the proposed 

monitoring system is based on two cameras monitoring the melt pool at the same time, but despite the image 

processing algorithm was designed for both cameras, the frame for X camera was already designed for monitoring 

purposes, as explained in [10].  

The following research activities were executed in collaboration with Prof. Masakazu Soshi and Weijun Zhang, at 

ARMS LABS (University of California, Davis 95616, CA, USA). 

 

6.1. Frame design 

The monitoring system proposed relied on an off-axis dual-camera to enable multi-directional monitoring along the 

substrate plane. For this reason, the initial phase of the research activities focused on designing a robust frame to 

securely hold the second camera on the laser head of the L-DED machine. The requirements identified for the fixture 

design were as follows: 

 

• Minimize camera movements during the deposition phase to ensure stable data acquisition. 

• Protect the camera from excessive light emissions generated during laser-powder interactions.  

• Facilitate easy maintenance operations for both the camera and the laser head.  

• Allow precise alignment of the camera with the melt pool for accurate monitoring. 

• Ensure a stable and easily attachable connection between the X and Y camera fixtures. 



 

Based on these requirements, the design of the frame was executed on the software SolidWorks 2023 The primary 

structure, referred to as the "main body" (as seen in the Fig. 51), provides a robust interface between the laser head 

and the monitoring camera. Its cantilevered design necessitated the inclusion of stiffeners, which are securely 

connected to the laser head via a triangular support structure. This feature effectively reduces vibrations caused by the 

laser head's movement during operation. Additionally, an aperture was incorporated into the main body to allow for 

quick and convenient removal of the black panel holding the laser focusing lenses, a component subject to frequent 

maintenance because of paramount importance. Furthermore, the main body was connected to the laser head by only 

two screws, and this made the mounting and dismantling phases very easy and fast. To protect the camera lens, a 

welding glass holder was positioned between the camera and the melt pool. This holder is mounted using an L-bracket 

and a stand, both of which include adjustable sockets. These sockets enable manual alignment of the camera with the 

melt pool, compensating for potential production inaccuracies in the frame. The camera is considered correctly aligned 

with the melt pool when it is located at the center of the image resulting from the camera acquisition, explaining why 

it was important to consider an adjustable setup instead of fixed one. To enhance stability and robustness, a connector 

was designed to link the pre-existing X camera fixture with the newly developed Y camera fixture. This 

interconnection improves the structural integrity of the dual-camera system. The final assembly of the dual-camera 

system frame, as illustrated in the Fig. 51, represents the configuration used for the subsequent experiments detailed 

in the following sections. The integration of these design features ensures a stable, accessible, and efficient monitoring 

system, tailored to the requirements of the L-DED process. To provide the right robustness to the fixture it was decided 

to produce it with the same material used for the X camera fixture, which is stainless steel. But, to speed up the 

experimental phase, a prototype of this frame was 3D printed by means of a MEX printer, such as the Prusa i3 Mk3, 

using PLA. The PLA fixture, despite the high sensitivity to high temperature of the thermoplastic filament, proved to 

be effective for the purpose of the experiments. It is important to say that during the tests, the temperature never 

reached too high values because only six layers were printed.  

 

 

Fig. 51: Fixture components.  
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6.2. Monitoring setup 

The experiments were conducted using a DMG MORI LaserTec 65 3D Hybrid machine, a versatile industrial system 

integrating three distinct modules: Laser Directed Energy Deposition (L-DED), milling, and Coordinate Measuring 

Machine (CMM) capabilities. The L-DED module enables precise layer-by-layer material deposition, while the 

milling module supports high-accuracy post-processing. The integrated CMM module, equipped with a RENISHAW 

OMP60 Optical touch probe, allows for detailed in-situ measurement and inspection. During the research activities 

were used the L-DED and the CMM modules. The L-DED module utilized gas-atomized 316L stainless steel powder 

with particle sizes ranging from 45 to 105 μm, with argon gas employed both as the shielding and carrier gas. A 2.5 

kW fiber-guided diode laser, focused on a 2.96 mm diameter spot, was used to fuse the powder. The laser's energy 

delivery is optimized through a Fraunhofer COAX9 deposition nozzle, with a nominal stand-off distance of 11 mm 

from the top surface of the clad, ensuring consistent melt pool dynamics. For the monitoring system, two orthogonal 

digital cameras (designated as X and Y cameras) were employed to observe and analyze the melt pool's height during 

the deposition process. These cameras were strategically positioned using custom-built fixtures designed to ensure 

stable and precise alignment with the laser head, as discussed in the previous section and demonstrated in Fig. 52 

where two examples of resulting images showed how the melt pool result centered. The X-camera fixture was 

fabricated from stainless steel for enhanced robustness, while the Y-camera fixture was 3D-printed in PLA using a 

Prusa i3 Mk3 Material Extrusion (MEX) printer. Despite PLA's moderate mechanical properties, the fixture's design 

proved sufficient for maintaining stability during low-height experiments, where heat generation remained within 

manageable limits. The monitoring setup with the centered images are illustrated in Fig. 52. The cameras used were 

ELP-USB130W01MT-MF40 digital models, equipped with complementary metal-oxide-semiconductor (CMOS) 

sensors. They offered a resolution of 1280×720 pixels, a 4 mm lens, and a frame rate of up to 30 Hz. While these 

cameras are relatively limited in frame rate and resolution, they provided a cost-effective and compact solution for 

real-time monitoring, which resulted in very easy implementation inside the machine building volume. To protect the 

cameras from intense reflections caused by high-temperature laser-powder interactions, welding glass was 

incorporated into the setup. This setup was critical for maintaining the accuracy of melt pool monitoring. The custom 

fixtures and their alignment ensured that the melt pool remained centered in each captured frame, optimizing the 

effectiveness of the image processing algorithm. The cameras were connected to two different laptops by USB cables 

to provide fast data exchange. 



 

 

Fig. 52: Off-axis Dual-camera setup. The calibration images show how the melt pool is centered inside the image. 

 

6.3. Camera calibration 

As previously discussed in the context of L-PBF, the off-axis configuration introduces unavoidable perspective 

phenomena that can significantly affect measurements accuracy if left uncorrected. These perspective distortions 

necessitate a calibration process to ensure reliable melt pool height measurements. Calibration also serves, usually, to 

compute critical pixel-to-millimeter conversion factors (C.F.), which are essential for translating image data into 

meaningful physical dimensions. On the other hand, fisheye distortion can be neglected in this setup due to the dual-

camera system's operational principle, where the melt pool is consistently centered in the captured images. Deviation 

from the image center rarely exceeds 1 mm, considering both upward and downward directions during deposition. 

Based on literature [216], such minimal deviations justify the exclusion of fisheye distortion corrections, provided the 

melt pool remains at the image center throughout the process. This precise positioning is ensured by custom-designed 

camera fixtures, which have been tailored specifically to maintain the cameras aligned and steady during operation. 

Furthermore, neglecting the fish-eye distortion notably simplifies the image processing algorithm by saving 

computational time destined for the fish-eye distortion correction. 

A reliable calibration process for both cameras is critical to achieving accurate melt pool height measurements. This 

calibration is conducted prior to initiating the experiments to ensure that all measurement systems are properly aligned 

and configured. A novel calibration method, developed and validated specifically for this setup, is illustrated in Fig. 

53. This method is based on the assumption that the melt pool is consistently centered in the image and that lens 

distortion effects are negligible for the measurement range under consideration. To simulate the production conditions, 

a 1 mm step gauge was employed as a reference. The gauge’s mid-step was positioned at the nominal working stand-

off distance of 11 mm from the nozzle, replicating the ideal deposition environment. Images of this setup were captured 

from both cameras after the laser pilot was turned on. The idea is that the pilot laser spot can be considered as the melt 

pool, because theoretically, when the nozzle is moved on the mid step, the laser spot is located at the same position 

the melt pool is supposed to be. 
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Calibration image ( X cam)

Calibration image ( Y cam)



 

 

Fig. 53: Proposed calibration method.\ 

 

Subsequently, the pilot laser spot was systematically moved on the other steps (High and Low, in Fig. 53), which are 

distant along the building direction (z-axis) by ±1 mm, with additional images taken at each position. The steps were 

previously grinded to ensure the correct step height of 1 mm. These images were processed using an RGB-based 

thresholding technique to isolate the laser spot, and the pixel coordinates of the spot's center were extracted for 

calibration purposes for all three cases. After measuring the pixel coordinates of each laser spot center, the pixel 

distances between these points were measured and compared with the real distance to compute the C.F. following the 

equations (9), (10) and (11): 

𝑪. 𝑭. =  
𝑪. 𝑭.𝒖𝒑 +  𝑪. 𝑭.𝒅𝒐𝒘𝒏

𝟐
                      (𝟗) 

𝑪. 𝑭.𝒖𝒑 =  
𝟏 [𝒎𝒎]

𝒚𝒉𝒊𝒈𝒉 −  𝒚𝒎𝒊𝒅 [𝒑𝒊𝒙𝒆𝒍]
                 (𝟏𝟎) 

 

𝑪. 𝑭.𝒅𝒐𝒘𝒏 =  
𝟏 [𝒎𝒎]

𝒚𝒎𝒊𝒅 − 𝒚𝒍𝒐𝒘 [𝒑𝒊𝒙𝒆𝒍]
                    (𝟏𝟏) 

 

 

Where yhigh, ymid and ylow represent the pixel ordinates of the center of the laser pilot spot measured on the higher, the 

mid and the lower step of the gauge, respectively. To validate the proposed calibration method, the pixel-to-millimeter 
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conversion factor (C.F.) derived from this approach was compared with results obtained using the Zhang method 

[217]. This calibration method, commonly referred to as chessboard calibration, is a widely used technique for 

calibrating cameras to correct geometric distortions because of the curvature of lenses and compute intrinsic (e.g., 

focal length, principal point) and extrinsic (e.g., camera position and orientation) camera parameters. This method 

uses a flat calibration target, typically printed with a grid of alternating black and white squares, which resembles a 

chessboard pattern. The pattern provides a series of well-defined corner points, which serve as reference features for 

the calibration. The process involves capturing multiple images of the chessboard, which usually should be less than 

twenty as suggested in [217], at different orientations and distances relative to the camera. By analyzing the positions 

of the corners in the captured images, the method estimates the camera's intrinsic parameters (such as focal length, 

principal point, and lens distortion coefficients) and extrinsic parameters (position and orientation of the camera 

relative to the target). The Zhang method accounts for lens distortion by modeling it mathematically and compensating 

for its effects. This is particularly valuable in ensuring accurate measurements when using wide-angle lenses or when 

perspective effects are significant. Once the calibration is complete, the method provides the corrected camera 

parameters, enabling accurate mapping of image pixels to real-world dimensions. In the context of this study, the 

Zhang method also computes the Euler angles, based on the values of the Rotation matrix, including the critical Pitch 

angle, which is used to adjust for perspective errors in melt pool height measurement. Euler angles, shown in Fig. 54, 

are a set of three rotational angles that describe the orientation of a rigid body in a three-dimensional space relative to 

a fixed reference coordinate system. They define how an object is rotated about the axes of the coordinate system in 

a specific sequence. The three angles are typically referred to as: 

 

• Yaw (ψ): The rotation about the vertical Z-axis. 

• Pitch (θ): The rotation about the horizontal Y-axis. 

• Roll (ϕ): The rotation about the longitudinal X-axis. 

 

Table 10: Pitch angles for each experiment. 

Experim

ent No. 

List of three experiment 

tests 

Pitch θ [degrees] 

X camera Y camera 

1 5Lines-1Layer 37 25 

2 9Lines-1Layer 35 25 

3 9Lines-6Layer 35 33 
 

 

 



 

 

Fig. 54: Euler angles 

 

The order of these rotations is important and depends on the chosen convention (e.g., Z-Y-X or Z-X-Y). In this study, 

the Pitch angle (rotation about the Y-axis) is of particular interest, as it represents the tilting of the camera relative to 

the horizontal plane. Any misalignment in the Pitch angle introduces perspective distortions, which can affect the 

accuracy of measurements like melt pool height. By calibrating the camera and determining these angles, corrections 

can be applied to compensate for perspective errors, ensuring reliable and precise measurements in the experimental 

setup. This calibration method was implemented using a 50x40 mm2 chessboard, with a 5 mm squares, based on 

OpenCV library for Python through a custom script and for each camera ten chessboard images were used. After the 

camera parameters were obtained it was possible to undistort and correct the image perspective, based on the computed 

Pitch angle. In Table 10 the angles measured for both cameras before the experiments are displayed. These values will 

be fundamental for the final melt pool height measurements. The calibration process revealed that the presence of a 

Pitch angle introduced a perspective error in the melt pool height measurements. Specifically, as depicted in Fig. 55, 

the measured height AC exceeded the nominal height BF due to this angular misalignment. To mitigate this error, the 

Pitch angle was incorporated into the measurement as a correction factor. During the experiments, the sine of the Pitch 

angle was used to calculate the corrected height CD to substitute the perspective correction algorithm on the images. 

While this adjustment did not eliminate the error entirely, it ensured that the height measurements are sufficiently 

accurate for real-time control of the process. A slight underestimation of the clad height resulting from this correction 

is acceptable, as it produces a final part that is marginally higher than programmed, leaving a small allowance for 

post-machining operations. This operation further simplified the image processing algorithm because the prospective 

correction must be done on each frame during the production phase, leading to an increase of computational time 

which could prevent real-time measurements. Following the proposed calibration method, the C.F. from the Zhang 

method for each camera was determined within a 5 mm × 5 mm area at the center of the corrected image, by measuring 

the edges of a single square belonging to the chessboard that was located into the center of the image, and was 

compared with the one computed from the proposed calibration and the results are shown in Table 11. 

 

Roll (φ)

Yaw (ψ)

Pitch (θ)

Laser 
head

θ



 

 

Fig. 55: Perspective correction factor based on the clad height. 

 

The results shown in tab that the proposed calibration method provide reliable C.F. values, based on the C.F. obtained 

from the Zhang method, which can be considered as a valuable calibration instrument. In this calibration setup, 

complex distortion and perspective corrections were deliberately excluded from the real-time processing algorithm to 

reduce computational time. This simplification was justified by the consistent centering of the melt pool within each 

frame, which minimized distortion effects and ensured reliable measurements without extensive computational 

adjustments. This comprehensive calibration process not only enhances the accuracy of the melt pool height 

measurement but also demonstrates the feasibility of implementing real-time corrections for perspective errors, 

thereby supporting the reliability and repeatability of the additive manufacturing process. The results from the C.F. 

comparison in the two methods for the three performed experiments are displayed in Table 11. 

 

Table 11: Conversion factor computed using two different calibration methods to validate the proposed calibration technique. 

C.F. [mm/px] 

X camera Y camera 

Zhang New Diff. Zhang New Diff. 

#1 0.1282 0.1256 0.0026 0.1316 0.1275 0.0041 

#2 0.1191 0.1189 0.0002 0.1515 0.1431 0.0084 

#3 0.1111 0.1083 0.0028 0.1351 0.1315 0.0036 
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6.4. Off-axial dual-camera multi-directional melt pool height monitoring system 

 

6.4.1. Experiments description 

 

 

Fig. 56: Part produced during the three experiments. The number of lines for the #2 and #3 experiments were increased to 

provide more reliable results. 

 

The dual-camera system was designed to enable three-dimensional monitoring and control of the melt pool height 

during the L-DED process over the substrate plane. To validate its performance across various printing directions and 

evaluate its accuracy, a series of experiments were conducted, as summarized in Fig. 56. These experiments included 

two single-layer tests, referred to as "5Lines-1Layer" (#1) and "9Lines-1Layer" (#2), and a multi-layer experiment, 

"9Lines-6Layer" (#3). The purpose of these tests was to assess the dual-camera system under different deposition 

directions and track the melt pool height measurements across diverse toolpath configurations. The geometries under 

exam were single-track thin walls directed inclined with different angles, as shown in Fig. 56. In the first experiment, 

"5Lines-1Layer" (#1), five single-layer clad lines were deposited, each measuring 45 mm in length. The tilt angle of 

each line increased incrementally by a step of 22.5°, covering a range from 0° to 90°, as shown in Fig. 56. This test 

provided a preliminary dataset for validating the system's ability to handle varying deposition angles. The height of 

six reference points along the tracks was measured using the L-DED machine touch probe module, ensuring precise 

height data for comparison with the data obtained from the monitoring system. The second experiment, "9Lines-

1Layer" (#2), involved printing nine single-layer lines with an angle increment of 11.25° between consecutive lines, 
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resulting in a more refined angular dataset than the first experiment. Height measurements were taken at ten equidistant 

points along each track to enhance the reference dataset. This dataset was critical for evaluating the system's accuracy 

with increased printing directions and the part was used as the starting point for the third experiment where six layers 

were printed. Building upon the second experiment, the third test, "9Lines-6Layer" (#3), consisted of a six-layer thin 

wall deposited with a programmed layer height of 0.83 mm, same used for previous experiment, a length of 45 mm, 

and a zigzag toolpath. This multi-layer experiment studied the system's response to increased layer count and 

cumulative height. The thin wall was deposited on top of the "9Lines-1Layer" (#2), resulting in only two as-built parts, 

as depicted in Fig. 56. Height measurements were performed at ten reference points along the thin wall to capture 

variations across multiple layers. During all experiments, the dual-camera system continuously monitored the melt 

pool geometry, capturing data necessary for calculating the melt pool height. The height measurements obtained from 

the cameras were compared with the reference values provided by the touch probe module integrated into the L-DED 

machine, as it demonstrated in Fig. 57. This comparison ensured a robust validation of the system’s accuracy under 

various deposition scenarios. 

 

 

Fig. 57: Touch probe measuring strategy. The red points on each line indicate the location where the touch probe is measuring 

the clad height. The distance between the red points is set to 5 mm 

 

The printing parameters utilized in the experiments are detailed in Table 12. Despite the cameras' maximum frame 

rate of 30 Hz, the actual frame rate during experiments was reduced to 7.15 Hz. This reduction was necessary due to 

poor lighting conditions in the setup, which required an increase in exposure time to ensure image quality. The trade-

off between frame rate and exposure time was carefully managed to maintain the reliability of the captured data. The 

results of these experiments provided a comprehensive dataset to evaluate the dual-camera system’s performance 
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across different deposition angles, toolpaths, and layer configurations. By examining the melt pool height data under 

these varying conditions, the experiments validated the system’s capability to deliver precise and consistent 

monitoring for 3D L-DED applications. 

 

Table 12: L-DED printing parameters. 

L-DED 

parameters 
LP (W) PFR (g/min) FR (mm/min) 

Carrier gas 

(L/min) 

Shield gas 

(L/min) 

Values 1000 23.5 1000 6 5 

 

6.4.2. Image processing algorithm 

Two image processing algorithms were developed to support the monitoring system: one focused on detecting the 

melt pool height (Fig. 58) using a blue-channel method inspired by the approach detailed in [203], and the other aimed 

at evaluating the so-called "ellipse angle" (Fig. 58). Both algorithms were designed to work concurrently during the 

deposition process to extract key geometric characteristics of the melt pool from the captured frames and to work with 

both cameras. 

 

 

Fig. 58: Image processing workflow. 
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The blue channel method was specifically chosen for melt pool detection due to its suitability in highlighting the 

spectral characteristics of the melt pool. In [203] has shown that melt pools emit a significant amount of light in the 

blue wavelength range, which provides high contrast when isolated. This property makes the blue channel particularly 

effective for distinguishing the melt pool from surrounding material, spatter, and tail regions. By focusing on the blue 

channel of captured images, the algorithm ensures precise identification of the melt pool's geometry and dimensions, 

critical for accurate height measurements and real-time monitoring during the L-DED process. Additionally, applying 

a binary threshold to the blue channel effectively filters out non-relevant elements, simplifying the image processing 

workflow and reducing computational load, which can be considered as an advantage in real-time applications. 

During the image preprocessing step, each frame was cropped to a region of interest (ROI) using a rectangular mask 

to focus the processing on the melt pool while excluding unnecessary areas of the frame. This preprocessing step 

reduced computational load and increased efficiency. The blue channel of the frame, extracted using cv.split(), was 

used for subsequent analysis due to its suitability for capturing the spectral characteristics of the melt pool, based on 

the findings proposed in [203]. To isolate the melt pool from its surroundings, a binary threshold was applied to the 

blue channel, setting pixel intensities above a specific threshold which can range between white (255) and black (0). 

Experimentally determined threshold values were used for different experiments and cameras. For example, during 

the third experiment (#3), thresholds of 250 and 160 were applied to the X and Y cameras, respectively, while for the 

first and second experiments (#1 and #2), thresholds of 254 and 145 were used to detect the melt pool geometry. This 

thresholding step produced a binary image where the melt pool’s contour was clearly defined. Morphological 

operations, such as closing, were applied to the binary mask using cv.morphologyEx with a rectangular kernel to fill 

small gaps and ensure a smoother representation of the melt pool. The contours of the melt pool were then extracted 

using the OpenCV contour detection function, and the melt pool height was calculated in pixel units. These 

measurements were converted into millimeters using pre-calibrated conversion factors (C.F.) and perspective 

correction factors, based on the Pitch angle of each camera. Following the melt pool height detection algorithm (Fig. 

58), the ellipse angle detection algorithm (Fig. 58) was applied to analyze the melt pool geometry further and proposed 

an automatic way to retrieve the deposition direction of the laser head. This process began by duplicating the greyscale 

frame after the ROI detection and applying two distinct binary thresholds to create two separate binary images for tail 

extraction. The first binary image, generated with a lower threshold value (e.g., 50), included the melt pool, spatter, 

and tail. The second binary image, produced with a higher threshold value (e.g., 175), isolated only the melt pool and 

spatter. The spatter region was enhanced using the cv.dilate function, which smoothed the contour of the tail and 

improved its representation. The tail was then extracted by subtracting the second binary image from the first, resulting 

in a binary image highlighting only the tail. The extracted tail contour was combined with the melt pool contour to 

generate a comprehensive representation of the entire melt pool region, without the spatter influence. An ellipse was 

fitted to this combined contour using the cv.fitEllipse function. The fitted ellipse provided key geometrical information 

about the melt pool, with its angle relative to the horizontal X-axis offering insights into directional properties. The 

two algorithms, working contemporary, provided a robust and detailed analysis of the melt pool's geometry. Both 

algorithms were applied independently to the frames captured by the X and Y cameras for every instance where the 

melt pool was detected. This dual-camera approach enabled a comprehensive view of the melt pool's height, tail, and 



 

dynamic behavior, ensuring accurate and consistent monitoring throughout the deposition process along multiple 

directions. By leveraging the light emission of the melt pool and implementing efficient image processing techniques, 

the system achieved a high level of precision suitable for real-time applications in L-DED monitoring.  

 

6.4.3. Evaluation indexes 

This section introduces two performance indices devised to evaluate the dual-camera system's reliability and accuracy 

in measuring melt pool height during the 3D L-DED process. These indices, derived from processed melt pool height 

data obtained via the image processing algorithms applied to both cameras, were compared against reference height 

measurements to assess the system's performance. A representative comparison is illustrated in Fig. 59. The two 

metrics, Average Height Percentage Error (AHPE) and Ellipse Angle Sum (EAS), are proposed as quantitative 

measures to characterize the system's accuracy and robustness. The AHPE, mathematically defined in equation (12), 

represents the percentage error in the melt pool height measurements obtained from the cameras compared to the 

reference clad height determined by the touch probe. The formula is as follows: 

 

𝑨𝑯𝑷𝑬[%] = (
∑ (𝑯𝒄𝒂𝒎

𝒊 −  𝑯𝑻𝑷
𝒊 )𝒏

𝒊=𝟏

∑ 𝑯𝑻𝑷
𝒊𝒏

𝒊=𝟏

)  𝒙 𝟏𝟎𝟎                          (𝟏𝟐) 

 

Where 𝑛 denotes the number of measurement points, 𝐻𝑖
cam is the melt pool height measured by the camera for the 𝑖-

th point, and 𝐻𝑖
TP is the corresponding reference clad height measured by the touch probe. This metric serves as a 

direct indicator of the system’s accuracy, with AHPE values close to zero indicating more precise and reliable 

measurements that align closely with the reference data. The sign of the AHPE carries critical information: a positive 

value indicates the measured melt pool height exceeds the reference height (overbuilt), while a negative value indicates 

an underestimation (underbuilt). The average AHPE provides a quick overview of the system's overall accuracy, while 

its standard deviation (𝜎) offers insight into the consistency of the measurements. Variations in 𝜎 can highlight the 

influence of factors such as spatter or changes in lighting conditions on the accuracy of the system. Additionally, this 

metric accounts for errors stemming from perspective distortions and environmental variations, emphasizing its role 

as a comprehensive performance evaluator for the dual-camera system. The second metric, the Ellipse Angle Sum 

(EAS), is designed to complement the AHPE by providing insight into the deposition direction of the melt pool as 

captured by both cameras. The EAS is calculated as the sum of the ellipse angles determined from the ellipse angle 

detection image processing algorithms (Fig. 58) applied to the X and Y cameras and illustrated in Fig. 60.  

 



 

  

Fig. 59: a) AHPE obtained from X camera after applying the proposed image processing algorithm; b) AHPE obtained from Y 

camera. 

 

This metric has been observed to correlate strongly with the deposition scanning angle (DSA), and it was found to be 

a critical parameter in selecting the most suitable camera view at any given time and deposition direction, as will be 

discussed in subsequent section. Given that different scanning angles affect the perspective and visibility of the melt 

pool for each camera, the EAS serves as a robust criterion for camera selection. By evaluating the EAS, the system 

can dynamically identify which camera provides the most reliable view of the melt pool under varying scanning 

conditions (ranging from 0° to 90° in the experiments). This adaptability enhances the dual-camera system's ability to 

monitor the melt pool effectively across a wide range of angles, thereby improving its overall performance and 

robustness. 

 

 

Fig. 60: Ellipse angle representation measured form each camera. 

 

6.4.4. Reliable region 

As illustrated in Fig. 59, the melt pool height measured by the cameras (green and orange line in Fig. 59, respectively) 

exceeds the reference height obtained from the touch probe (red points) at both ends of the thin wall. These deviations, 

observed at the start and end sections, are typical defects caused by under-deposition due to the acceleration and 

deceleration of the laser head at the beginning and conclusion of the printing process. Further analysis of the data from 
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camera Y, as shown in Fig. 61,a , reveals that the monitoring system struggled to provide accurate measurements from 

the 18th point to the end of the line under varying deposition scanning angles (DSAs). For instance, within this range, 

points near the edges (e.g., Pt. 2, Pt. 18, and Pt. 20 in Fig. 61) exhibited significant local height percentage errors. 

Specifically, Pt. 2 and Pt. 20 showed errors as high as 26% and 90%, respectively. These discrepancies indicate a 

consistent overestimation of the melt pool height in these regions. The primary causes of these errors are attributed to 

the edge effects of the thin wall and the absence of lens distortion corrections, which exacerbate inaccuracies during 

substantial height variations. Such errors notably impact the Average Height Percentage Error (AHPE), reducing the 

system's height estimation accuracy.  

 

 

Fig. 61: Results from local height analysis for the #3 experiment. 

 

 

Fig. 62: Ellipse angle measured from the #3 experiment for DSA 45 measured from a) X camera and b) Y camera. 
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To mitigate this issue, a "Reliable Region" was defined, where only measurements within a ±10% height percentage 

error are considered. For an average clad height of 0.83 mm, this threshold corresponds to an acceptable error margin 

of ±0.083 mm. Within this reliable region, approximately 80% of the local height errors fell within the acceptable 

±10% range for both cameras. Although occasional outliers were observed, the accuracy of the system remained 

satisfactory within this region. Fig. 62 presents the ellipse angle measure captured by both X (Fig. 62, a) and Y (Fig. 

62, b) camera along a line with a DSA of 45 degrees for the 9Line-6Layer experiment. Considering that for each 

produced line and layer the ellipse angle was measured, the dataset is composed of 54 diagrams. The other results 

about the ellipse angles were omitted because of their similarity with the data. The ellipse angle measurements are 

notably influenced by edge effects, particularly at the start of the deposition process (Pt. 1 to Pt. 4). A logarithmic 

trend was observed, with the ellipse angles stabilizing after Pt. 4 and remaining consistent across layers deposited with 

the same DSA. To improve reliability, measurements from Pt. 1 to Pt. 4 were excluded for both cameras, as the edge 

effect introduced variability that compromised accuracy. By integrating the findings from the melt pool height error 

analysis and the ellipse angle evaluation, the reliable region was identified. This region begins approximately 10 mm 

from the start of the deposition and extends to 10 mm before the end. A schematic representation of this reliable region 

is provided in Fig. 63, highlighting the areas where the monitoring system demonstrates robust performance and 

reliability. 

 

 

Fig. 63: Reliable region identification 

 

6.4.5. Results  

The experimental results were grouped into two distinct categories: single-layer depositions, represented by 5Lines-

1Layer and 9Lines-1Layer, and multi-layer depositions, represented by 9Lines-6Layer. This categorization facilitated 

a more precise analysis of layer-specific effects, highlighting the differences in process dynamics between initial and 

subsequent layer depositions. The findings put in evidence notable differences in process conditions between single 
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and multi-layer depositions, which significantly influence the reliability of the proposed dual-camera monitoring 

approach. Producing the first layer in an L-DED process is inherently more challenging than subsequent layers due to 

several factors. First, without pre-heating the substrate, the rapid cooling of the first layer destabilizes the melt pool, 

increasing the likelihood of spatter caused by the ejection of unmelted particles. This spatter can lead to poor adhesion 

and challenges in achieving consistent deposition. As shown in Fig. 64, a, spatter is visibly more pronounced in the 

first layer, while by the sixth layer (Fig. 64, b), spatter production is significantly reduced, indicating a more stable 

melt pool. Additionally, lighting conditions during deposition vary between layers. The first layer’s melt pool appears 

brighter due to the higher reflectivity of the substrate compared to subsequent layers, where the deposited material 

changes the surface properties. This contrast in lighting is evident when comparing images of the first and sixth layers 

in Fig. 64. The increased spatter production and variability in lighting conditions during the first layer make extracting 

accurate melt pool information more challenging than in multi-layer scenarios. Despite these challenges, the results 

obtained using the proposed method are promising and demonstrate the potential for future development of a height 

control algorithm capable of adapting to the differences between single and multi-layer deposition processes. These 

observations also justify the use of different threshold parameters for melt pool detection in the first layer compared 

to multi-layer depositions. 

 

 

Fig. 64: Melt pool geometry for a) first layer and b) sixth layer. 

 

6.4.6. Melt pool height errors results 

First Layer results. The results for the melt pool height measurements during the first single-layer deposition from the 

first two experiments are presented in Fig. 65. The measured height values, originally in pixel units, were converted 

to millimeters using the calibration factors derived in Fig. 53, with values of 6.99 px/mm for the Y camera and 8.41 

px/mm for the X camera. After applying the proposed image processing algorithms, distinct trends in height errors 

were observed for each camera, with the error varying as a function of the deposition scanning angle (DSA). As shown 

in Fig. 65 a, b, and c, the Y camera measurements (represented by the orange line) exhibit a steadily increasing height 

error. A substantial gap between the Y camera’s measured height and the reference height (green points) is observed 

as the DSA changes from 22.5° to 67.5°, with the AHPE rising from 7.44% to 57.20%. In contrast, the X camera 

measurements (blue line) show smaller errors at DSAs of 22.5° and 67.5° but display a higher error at 45°. The 
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presence of large peaks in the measurements, evident in the Fig. 65, c, d, e, f, are identified as outliers, caused by high 

levels of spatter and reflections during the first single-layer deposition, which reduced the stability of the 

measurements. Furthermore, as seen in Fig. 65 a, d, and f, when the standard deviation exceeds 0.15, the height error 

measurements were notably affected by multiple peaks. The AHPE values across DSAs ranging from 0° to 90° for 

two independent single-layer experiments are displayed in Fig. 66. The Y camera measurements in experiment #1 and 

#2, as well as the X camera in experiment #2, exhibited a linear trend.  In contrast, the X camera in experiment #1 

followed a parabolic trend. The cause of this discrepancy in X camera behavior between experiments #1 and #2 

remains unclear and requires further investigation. One possible explanation is that increasing the number of reference 

points (measured with the touch probe) improved the data reliability. However, the AHPE values recorded by the X 

camera in experiment #2 when the DSA was at 0 degrees and 11.25 degrees requires further study, as it directly impacts 

the observed linear AHPE trend for the X camera. 

Despite these differences, both experiments demonstrated consistent behavior in the performance of the two cameras. 

For DSAs below 45°, the Y camera exhibited a smaller AHPE compared to the X camera. However, for DSAs above 

45°, the X camera outperformed the Y camera in terms of accuracy, exhibiting lower AHPE values. This suggests that 

each camera has an optimal range of DSAs where its performance is maximized. Based on this observation, a camera 

selection approach was developed: for DSAs less than 45°, the Y camera is used, whereas for DSAs greater than 45°, 

the X camera is selected. This strategy allowed the AHPE to remain below 55% during single-layer deposition 

experiments (#1 and #2). The smallest errors were observed when the scanning direction was perpendicular to the 

camera’s optical axis—0° DSA for the Y camera and 90° DSA for the X camera. As shown in Fig. 66, the lowest 

AHPE values recorded were -11% for the Y camera and 22% for the X camera, demonstrating that the image 

processing methodology achieves a high degree of accuracy, even during the challenging conditions of first-layer 

deposition. 

 

 

 

 

 

 

 

 



 

Fig. 65: Melt pool height results obtained from the dual-camera system. 
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Third experiment (#3) results. Like the single-layer experiments, the results from Experiment #3, 9Lines-6Layer 

illustrated the height profiles of the six-layer thin walls, as depicted in Fig. 67. The measured heights from both 

cameras were converted from pixels to millimeters using calibration factors of 7.60 px/mm for the Y camera and 9.23 

px/mm for the X camera. The melt pool height profiles captured by the cameras closely matched the reference clad 

height profile, indicated by green points in Fig. 67. Unlike the single-layer experiments, no significant outlier peaks 

were detected at any measured DSA, indicating a reduction in spatter effects and a more stable melt pool condition 

during the multi-layer deposition process. Consequently, for both cameras, the magnitude of the AHPE percentage in 

the sixth layer is lower than that in the first layer. Furthermore, as indicated by the values in parentheses for X and Y 

camera, the standard deviations are on the same scale and similar for each DSA. 

 

Fig. 66: AHPE diagram comparison. 

 

The variation between the two cameras is less pronounced than in the first layer deposition, likely due to the reduced 

influence of spatter with no outlier peaks, which indicates that the measured height errors in the 6th layer are similarly 

distributed with comparable precision. Fig. 68 shows the AHPE values calculated for different DSA configuration, 

using data from the reliable region (points 5 to 17) to exclude edge effects at the start and end sections. It indicates 

that the Y camera shows a trend of linearly increasing AHPE, as the measured height diverges from the reference 

height between 0 degrees and 90 degrees DSA, consistent with observations from the single-layer experiments. For 

the X camera, AHPE increase as the DSA decreases from 45 to 0 degrees and follows the same trend as the DSA 

increases from 45 to 90 degrees, though with negative sign, presenting a similar linear AHPE trend compared to the 

linear pattern observed in the first single-layer experiment. Overall, the measurements from both the X and Y cameras 

demonstrate higher accuracy in terms of AHPE than the first single layer clad height measurement, as shown in Fig. 
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68. For instance, the AHPE for the X camera remains within ±11% (91 μm), whereas it reached up to around 60% in 

the first single-layer experiment. 

These findings reinforced the conclusions from the single-layer experiments, highlighting the importance of selecting 

the appropriate camera based on the DSA to achieve optimal accuracy in a dual-camera system. The relationships 

identified between AHPE and DSA offer predictive capabilities for height compensation at different DSAs, enhancing 

the potential of the monitoring and height control system for reliable performance during L-DED processes. 

 

Experiment #3 (9Lines-6Layer) 

a) DSA 22.5 degrees 

  

b) DSA 45 degrees 

 

c) DSA 67.5 degrees 

 
Fig. 67: Results for the melt pool height measured from the dual camera systems for the #3 experiment where six layers were 

printed. 

 

2

3

4

5

6

7

8

5 7 9 11 13 15 17

M
el

t 
p

o
o
l 

h
ei

g
h

t 
[m

m
]

Measured point

X_Cam

Y_cam

Touch Probe

2

3

4

5

6

7

8

5 7 9 11 13 15 17

M
el

t 
p

o
o
l 

h
ei

g
h

t 
[m

m
]

Measured point

2

3

4

5

6

7

8

5 7 9 11 13 15 17

M
el

t 
p

o
o

l 
h

ei
g

h
t 

[m
m

]

Measured point



 

 

Fig. 68: AHPE resulted from the #3 experiment relative to the sixth layer. 

 

6.4.7. Ellipse angle results 

First layer results. The ellipse angle was determined by the orientation of the melt pool tail. Fig. 69 illustrates the 

ellipse angles measured during the deposition of the first layer. A comparison of the two experiments showed that the 

Y camera (orange line) recorded relatively stable angles when the DSA ranged from 22.5° to 45°, but the measurements 

became increasingly random as the DSA increased from 45° to 67.5°. A similar trend was observed for the X camera, 

where the ellipse angle measurements became less consistent as the scanning angle decreased from 67.5° to 22.5°. 

This behavior was attributed to the changing perspective of the camera as the DSA transitions between 0° and 45°. In 

this range, the camera gradually captured more of the side view of the clad, and the tail of the melt pool became less 

visible in the frame. The reduced visibility resulted in shorter detected tails, which introduced greater calculation errors 

and contributed to the instability observed in Fig. 69. These results highlighted a limitation of the dual-camera system 

for ellipse angle measurements during the first layer deposition. Specifically, both cameras became less reliable for 

capturing ellipse angles when the DSA exceeds 45°. This underscored the importance of carefully selecting the 

appropriate camera and optimizing the measurement process to account for these perspective-related challenges during 

deposition.  

Third experiment (#3). Like the observations from the first single-layer experiment, the multi-layer results reveal that 

the cameras operate within their reliable range only after the measured ellipse angle stabilizes following the initial 

four frames. During the multi-layer experiment, the measurements remained consistent overall, except when the DSA 

was 0 degrees for the X camera and 90 degrees for the Y camera. As shown in Fig. 706 a, b, and c, the X camera (blue 

points) produced highly inconsistent values in layers 2, 4, and 6 when the DSA was at 0 degrees, indicating instability 

and reduced accuracy in measuring the ellipse angle. A similar pattern is evident in Fig. 70 d, e, and f, where the Y 

camera (orange points) showed comparable instability at a DSA of 90 degrees. Additionally, it was noted that the 

magnitude of the unstable ellipse angle measurements decreased as the DSA approached an orientation perpendicular 

to the optical axis of each camera. These findings suggest that the reliability of ellipse angle measurements is strongly 

influenced by the alignment of the camera relative to the scanning direction.  
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Fig. 69: Results from the #1 and #2 experiments related to the ellipse angle measured from the dual camera system. 
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Fig. 70: Results obtained from the #3 experiment relative to the ellipse angle measured from the dual camera system. 
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6.4.8. Ellipse angle sum results 

To complement the analysis of individual camera data, a combined metric called the "ellipse angle sum" (EAS) was 

developed. Measuring the ellipse angle using data from a single camera can be hard, particularly when the DSA lies 

outside the camera's optimal working range. In such cases, measurements became less stable, reducing reliability, as 

illustrated in Fig. 69. The EAS addresses this limitation by integrating data from both cameras, providing a more 

robust and stable representation of the DSA. As shown in Fig. 71, the EAS exhibits a linear relationship with the DSA, 

emphasizing its potential as a reliable metric for real-time monitoring and control. The EAS analysis also highlighted 

a high level of consistency across different layers. Apart from DSAs of 0° and 90°, and minor variability observed in 

the second layer due to the instability of the melt pool, the EAS values measured during layers 3 to 6 remained 

remarkably stable. This consistency was maintained even within the same frame across these layers, indicating that 

the EAS metric is unaffected by the number of layers. These findings suggested that the EAS can be effectively used 

as a reliable predictor of the DSA. Furthermore, the linear fitting model applied to EAS data demonstrated its 

capability for accurate and consistent predictions, making it a valuable tool for the monitoring and control of the L-

DED process. 

 

 

Fig. 71:Ellipse angle sum (EAS). 
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6.4.9. Camera matching algorithm 

To achieve 3D monitoring with the proposed system, a height error compensation strategy for L-DED height control 

was introduced, based on the relationship between the Ellipse Angle Sum (EAS), Deposition Scanning Angle (DSA), 

and Average Height Percentage Error (AHPE), as illustrated in Fig. 71 and Fig. 72. The monitoring process began 

with the calculation of the melt pool height and EAS using the two image processing algorithms, shown in Fig. 58. 

Subsequently, the DSA is determined using the correlation between the EAS and the DSA, as shown in Fig. 71. The 

system uses the DSA for two main purposes: first, to identify the current optimal working range (Fig. 72), enabling 

appropriate camera selection; and second, to estimate the potential height error associated with the selected camera. 

This preliminary study revealed that AHPE served as a reliable predictor of the measurement errors in the dual-camera 

system for different DSAs. Consequently, the AHPE can be used as a correction factor to refine the estimated melt 

pool height obtained from the monitoring system. If the calculated DSA was 45 degrees or greater, the system selects 

Camera X; if the DSA was less than 45 degrees, Camera Y is chosen. The AHPE value corresponding to the selected 

camera was then applied as a correction factor to the measured melt pool height. This adjustment accounted for errors 

arising from the camera's relative position to the melt pool and was valid under identical printing conditions. This 

camera selection methodology aimed to optimize measurement accuracy by dynamically selecting the camera based 

on the scanning angle and applying the appropriate correction factor, thereby improving the reliability of real-time 

melt pool monitoring. 

 

 

Fig. 72: Camera working range description. 

 

During the deposition process, the system excluded the first and second layers from the height control due to the 

inconsistent results observed in these layers. Height control is designed to commence from the third layer, where the 

proposed methodology has demonstrated reliability. The input to the height control system is the melt pool height 

measured by the selected camera, corrected by the AHPE according to the DSA determined using the EAS. This 
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workflow, Fig. 73, ensured that perspective-induced inaccuracies were mitigated, enabling more accurate and 

dependable real-time monitoring during the L-DED process. 

 

 

Fig. 73: Off-axis dual camera monitoring system workflow 

 

6.5. Conclusion about L-DED monitoring activities 

This study presents a cost-effective dual-camera off-axis monitoring system designed for measuring melt pool height 

across various printing directions in the 3D L-DED process. While a preliminary evaluation of the system has been 

conducted, additional studies are required to further validate its effectiveness. The analysis of experimental data led 

to the development of a height error detection method based on an image processing algorithm capable of handling 

multi-directional geometries. This methodology begins by measuring melt pool height using both cameras and 
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height error compensation mechanism is applied, which adjusts the measured height. The corrected height is then used 

as input for a real-time height control system. This approach effectively detects the laser head scanning angle and 

adjusts the melt pool height measurements for varying deposition angles. The key findings from this study indicate 

that the image processing algorithms successfully measure melt pool height and detect the ellipse angle for multi-

directional geometries. The results showed that height measurement during the initial layer is particularly challenging 

due to spatter production and melt pool instability. In contrast, multi-layer depositions exhibited greater stability, 

reduced spatter, and improved accuracy. For multi-layer deposition, the proposed dual-camera system achieved a 

height measurement error within 11% (equivalent to 91 μm) across different scanning angles. Furthermore, the EAS 

was demonstrated to be a reliable indicator of the deposition scanning angle. When combined with the AHPE, it 

formed a predictive model for clad height errors, enabling the dynamic selection of the most suitable camera for 

accurate melt pool height measurements during the deposition process.  

 

6.6. Critical review of L-DED proposed monitoring method 

While this study demonstrates the potential of the dual-camera monitoring system, it also identifies several areas 

requiring further development and investigation. To confirm the system’s broader applicability, additional experiments 

encompassing a wider range of deposition angles and process conditions are necessary. Addressing challenges related 

to first-layer deposition is particularly important, as the spatter and melt pool instability during this phase affect the 

reliability of real-time monitoring. Furthermore, a dedicated verification test of the dual-camera height measurement 

methodology for height control is essential to fully validate its performance and facilitate its integration into industrial 

applications. The use of low-cost CMOS cameras in this study posed limitations for the monitoring system. 

Specifically, the inability to adjust critical camera parameters such as ISO and exposure time restricted the system's 

adaptability to varying conditions. Although the system proved effective for melt pool height monitoring, further tests 

with cameras capable of parameter control are recommended to evaluate how these settings influence accuracy. 

Additionally, employing cameras with higher resolution could theoretically enhance the spatial resolution of the dual 

camera monitoring system, potentially improving its overall precision. Another key area for improvement is the 

calibration process, which is essential for ensuring reliable and precise melt pool height measurements and accurate 

determination of the deposition scanning angle. The calibration procedure, as described, must be performed prior to 

each deposition. Future work should explore methods to streamline and automate this process to improve efficiency 

and consistency. Moreover, the experiments were conducted using a single material with threshold parameters 

optimized for this specific test case. This highlights the need to investigate how optical properties and threshold 

parameters vary when different materials and printing conditions are introduced. Finally, the prototype fixture used 

for Camera Y, which was fabricated via 3D printing, proved stable during the experiments. However, testing with a 

finalized fixture is necessary to enhance the system’s stiffness and ensure consistent results across a broader range of 

conditions. A more robust and durable fixture would contribute significantly to the reliability and repeatability of the 

dual-camera monitoring system. 

  



 

7. Conclusion 

This dissertation has addressed critical challenges in the field of AM quality inspection and process monitoring, 

focusing with particular emphasis on MEX, L-PBF and L-DED, which are the most commonly used AM technologies. 

The primary objective was the development of robust, in-situ monitoring methodologies to assess process stability, 

evaluate product quality and pave the basis for adaptive control systems, eventually. Given the increasing complexity 

of AM systems and their industrial applications, this research aimed to bridge the gap between current monitoring 

capabilities and the need for reliable, repeatable high-quality and high -performance part production. AM technologies 

have demonstrated many advantages for the production industry thanks to their flexibility in design freedom and 

material portfolio. Compared to conventional technologies, and in certain industrial fields and products, they can help 

reduce material waste and energy consumption. By integrating in-situ monitoring methodologies based on optical 

sensors, this study aimed to enlarge boundaries of AM technologies toward wider adoption in industry. Particularly 

for critical applications, reliability and repeatability remain key challenges in AM. This research introduced innovative 

monitoring methodologies tailored for MEX, L-PBF and L-DED and the conclusions will be discussed below.  

For what concerns MEX process, a novel in-situ layerwise monitoring system was developed using a high-resolution 

blue laser line profilometer applied to raw point cloud data. This system was first used to  provide effective evaluation 

of layer quality through custom quality indexes, such as Layer Height Average Deviation (ADLH), the ADLH Slope s 

and Residual Absolute Deviation (RAD), which were proven effective in detecting surface defects and assessing 

process stability. The cumulative height metric was utilized to monitor layer-by-layer accuracy, and specific defects 

like overfill (OF) and underfill (UF) were identified with high precision. Another methodology was developed using 

the same monitoring system combined with functional analysis tools. Key indexes such as the Projected Percentage 

Area (PPA) and void/material volume and mean thickness were used to quantify the dimensions of defects and 

understanding layer stability. Notably, the proposed methodologies measured surface irregularities with a resolution 

of 4 µm, demonstrating its potential to enhance both in-situ monitoring and metrology practices. The developed 

procedure enabled detailed characterization of surface and defect morphology, including the extraction of defect 

coordinates, which could be used to implement corrective actions in real-time. This research also highlighted the 

possibility to broaden the applicability of the proposed methods to other AM technologies. All the results obtained 

from the MEX monitoring activities were validated by means of certified structured-light scanner and the average 

error committed by the system was found to be on the order of 0.014 mm.  

The monitoring procedure developed for L-PBF focused on applying High-Resolution Optical Tomography (HR-OT) 

for the in-situ characterization of complex lattice structure. An HR-OT system was implemented and improved in 

accuracy compared to other in-situ monitoring system and optical tomography-based proposed in the literature. This 

was achieved by refining the image processing algorithm, enabling the detection of geometric errors and distortion 

layer by layer. The HR-OT provided dimensional and geometrical assessments with an average deviation of 0.05 mm 

from the reference, proving the accuracy of the proposed method. The 3D point cloud obtained from the HR-OT was 

compared directly with the CAD, considered as reference. The 3D reconstruction provided valuable results because it 



 

has a double function: it can be used for offline quality assessment and, eventually, as input for numerical simulation. 

Additionally, to the 3D reconstruction of the lattice structure, thanks to the proposed monitoring system it was also 

possible to evaluate surface defective condition based on the analysis on the false color image of each layer, enabling 

the detection of superelevated edges and geometric distortions. The main advantage of this proposed system is that it 

can be considered as a cost-effective alternative to XCT, especially for evaluating both internal and external features. 

Finally, the monitoring activity on L-DED consisted in the development of a dual-camera multi direction monitoring 

system, together with the used image processing algorithm, to measure the melt pool height across different printing 

directions during the deposition process. The driver of this research was the lack of in-situ dual-camera monitoring 

systems able to perform correct melt pool measurements when the clad deposition occurs over multiple printing 

directions. By combining image processing algorithms and a predictive model based on the Ellipse Angle Sum (EAS) 

and Average Height Percentage Errors (AHPE), the system predicted the measurement error committed by each 

camera, based on the angle of the deposition direction, and selected the optimal camera to perform real-time 

measurement of the melt pool height. The system demonstrated a 11% height error range (which is approximately 91 

μm) during the multi-layer multi-direction deposition. Additionally, challenges associated with the initial layer, 

including spatter and melt pool geometry, were noted, whilst subsequent layer melt pool geometry showed improved 

accuracy and stability. This monitoring approach represents a starting point towards the development of a reliable real-

time monitoring system able to evaluate the melt pool height regardless of the deposition direction.  

In conclusion, this dissertation has made substantial contributions to advancing the state-of-the-art in AM process 

monitoring. By addressing the critical need for reliable, in-situ and real-time defect detection and process control, it 

paves the way for broader industrial adoption of AM technologies. These innovations not only enhance the quality 

and reproducibility of AM-produced parts but also fosters AM as a sustainable, efficient manufacturing solution for 

the future. 
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