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RESUME

La technologie d’impression 3D de Fabrication par Filament Fondu a gagné une traction et
un intérét significatif dans diverses industries et dans la communauté scientifique en raison de
son faible cotit et de sa polyvalence. Cependant, atteindre une haute précision géométrique
reste un défi, notamment pour les machines d’usage en millieu de bureau ou laboratoire.
Ces machines n’ont pas de systémes en boucle fermée pour garantir le positionnement de
la buse déposant le matériau. Elles peuvent étre utilisées avec divers matériaux tels que
I’ Acide Polylactique (PLA), le Polyuréthane Thermoplastique (TPU) ou méme des matériaux
s’apparentant au chocolat. Les déformations thermomécaniques propres a chaque matériau
affectent aussi la qualité géométrique du processus d’impression 3D due a la haute tempéra-
ture du matériau nécessaire pour le déposer sur le plateau de construction de la machine ou

sur les couches précédentes.

Cette these postule qu’il existe deux composantes aux déviations d’une piece imprimée en
3D: la composante systématique, qui peut étre répétée d’une itération a 'autre en utilisant
la méme machine avec les mémes parametres d’impression, et l'erreur aléatoire, qui est le
produit de facteurs externes, de la composition non uniforme du matériau et des vibrations
causées par le mouvement de la machine. Cette derniere composante ne peut pas étre prédite
avant le processus d’impression et donc ne peut pas étre réduite que par 'augmentation de
la stabilité du processus d’impression lui-méme. En revanche, les déviations systématiques
pourraient étre connues avant le début du processus d’impression et peuvent étre améliorer
de maniere générale en appliquant I'inverse des déviations systématiques a la géométrie qui
sera imprimée. Dans cette these, cela se traduit par I'ajustement du maillage de surface de

la géométrie nominale.

Ce document présente nos recherches pour déterminer comment extraire les déviations sys-
tématiques d’une imprimante 3D basée sur des mesures de pieces imprimées en 3D a 'aide
d’un scanner 3D a lumiere structurée. Nous démontrons d’abord qu'une moyenne des dévia-
tions mesurées des pieces imprimées en 3D peut étre utilisée pour approximer les déviations
systématiques d’'une piece imprimée en 3D et que 'utilisation de la déviation moyenne pour
compenser le maillage de surface nominal donne des résultats positifs. Les mesures de dévia-
tion moyenne consomment cing pieces sacrificielles, ce qui est a la fois une perte de temps et
de matériau significatif. C’est également spécifique a un matériau et a une machine a un mo-
ment donné. Nous proposons, donc, ensuite un algorithme de compensation d’apprentissage

automatique constitué de deux composantes : l'algorithme de prétraitement qui crée une
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image du voisinage de déviation local d'un point nominal et un réseau de neurones convo-
lutif qui interpréete ces images pour déduire la proportion de déviation systématique a ce
point. Le processus présente ’avantage d’étre généralisable pour n’importe quelle machine et
n’importe quelle géométrie a condition que suffisamment de données aient été utilisées dans
le processus d’entrainement. Cet algorithme d’apprentissage automatique réduit le nombre
de pieces sacrificielles nécessaires ; une seule piece sacrificielle mesurée a 1’aide d’un scanner
3D a lumiere structurée est nécessaire pour approximer les déviations systématiques. En-
fin, une incursion dans les mesures en cours de processus de pieces imprimées en 3D est
présentée, montrant que des investigations supplémentaires sont nécessaires pour modéliser

adéquatement les déviations des pieces a mi-parcours dans le processus d’impression 3D.
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ABSTRACT

Fused Filament Fabrication 3D printing technology has gained significant traction and in-
terest in various industries and the scientific community due to its cost-effectiveness and
versatility. However, achieving precise geometric accuracy remains challenging, particularly
for desktop-sized machines. These machines lack closed-loop systems to ensure the position-
ing of the material-depositing nozzle. They can be utilized with materials like PolyLactic
Acid (PLA), Thermoplastic PolyUrethane (TPU), or even chocolate-like materials. By rais-
ing the temperature of the material just as it is deposited on the machine’s build plate
or previous layers, thermomechanical deformations unique to each material also affect the

geometric quality of the 3D printing process.

This thesis suggests that deviations in 3D printed parts have two components: systematic
and random errors. Systematic errors are repeatable with the same machine and param-
eters, while random errors come from external factors, nonuniform material, and machine
vibrations. Random errors cannot be predicted before printing and can only be reduced by
improving the stability of the printing process. On the other hand, systematic deviations
could be known before the printing process and can be acted upon holistically by applying
the inverse of the systematic deviations to the geometry that will be printed. In this thesis,

this translates to morphing the surface mesh of the nominal geometry.

This document details our investigations into determining the systematic deviations of a 3D
printer based on measurements of 3D printed parts using a structured light 3D scanner. We
first demonstrate that an average of measured deviations of 3D printed parts can approxi-
mate the systematic deviations of a 3D printed part and that using the average deviation
to compensate the nominal surface mesh yields an improvement in the average of absolute
geometric error of 55%. The average deviation measurements consume five sacrificial parts,
which are both wasteful in time and material. They are also specific to a material and a
machine at a time. We also propose a compensation Machine Learning algorithm of two
components. The pre-processing algorithm creates an image of a nominal point’s local de-
viation neighborhood, and a Convolutional Neural Network interprets these images to infer
the systematic deviation. The process can be generalized for any machine and geometry
on the condition that enough data was used in the training process. This machine learning
algorithm reduces the number of sacrificial parts needed; only one sacrificial part measured
using a structured light 3D scanner is necessary to approximate the systematic deviations.

By applying the inverse of the systematic deviation inferred by the compensation machine
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learning algorithm, an improvement in the average of absolute geometric error of 88.5% was
demonstrated. Finally, a foray into in-process measurements of 3D printed parts is shown,
showing that more investigations are needed to adequately model deviations of parts midway

in the 3D printing process.
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CHAPTER 1 INTRODUCTION

For most, the concept of accuracy and precision originates as simply an element of the
industrial revolution. Indeed, the need to create interchangeable parts was a significant
driver for improving the accuracy of manufacturing machines [2]. Still, the need to be precise
in one’s work predates the Industrial Revolution by many millennia, notably in the study of
astronomy, surveying, and horology [3], where instruments from different artisans needed to
agree on the exact measurement. Throughout history, the need for precision steadily grew,
and in centuries before the Industrial Revolution, some artisans were renowned for creating
precise timepieces, navigation tools, and other instruments requiring incredible precision to
be usable [4]. Today, accuracy and precision are paramount in most, if not all, industrial
processes because they ensure product quality, consistency, and reliability. Accuracy refers
to how close a measured value is to the true value, while precision indicates the consistency
of repeated measurements. The rise of Metrology as a field of study has been driven by the
need to develop new precision manufacturing methods and accurate measurements, which
are essential for maintaining high standards in production and minimizing errors. This rise
paved the way for newly developed manufacturing processes, like additive manufacturing, to

be studied for their metrological potential.

1.1 Definitions and Basic Concepts

Additive manufacturing (AM) represents a burgeoning set of manufacturing processes char-
acterized by adding material to build a part’s geometry where needed. It starkly contrasts
conventional manufacturing methods, which are often subtractive. AM techniques entail
strategically adding material or support structures to offer unique design freedom, customiza-

tion, and resource efficiency opportunities.

Additive manufacturing encompasses a variety of processes, including Fused Filament Fab-
rication (FFF) or Fused Deposition Modeling (FDM), Stereolithography Apparatus (SLA),
Selective Laser Sintering (SLS), Direct Metal Laser Sintering (DMLS), and Electron Beam
Melting (EBM). Each process has advantages and limitations, making it suitable for different
applications. FFF/FDM, for instance, is widely used for rapid prototyping and producing
low-cost, durable parts. Meanwhile, SLA is known for its ability to create high-resolution,
detailed parts with smooth surface finishes, which is ideal for product design and dental
applications. In contrast, SLS offers design freedom and is suitable for producing functional

prototypes and complex geometries without supporting structures. Finally, DMLS and EBM



produce fully dense metal parts with excellent mechanical properties, making them suitable

for aerospace, automotive, and medical applications.

However, each process comes with complexity regarding setup, material handling, and post-
processing requirements. For example, powder-based and resin-based AM processes require
adequate health and safety procedures to protect the user, and metal-based AM processes
necessitate a large amount of power to solidify the added material. In contrast, filament-based
processes might emit fumes or volatile organic compounds during printing, posing potential
health risks if proper ventilation measures are not in place. FDM/FFF is nonetheless often
considered the most straightforward AM process available today, largely thanks to its greater

adoption by the Do-It-Yourself (DIY), small businesses, and research communities.

Unfortunately, the FFF process lacks performance in properties essential for the industrial
sector, making it challenging to adopt for end-use products. Mechanical properties must be
predictable when strain is imposed on the product. Researching and studying the mechan-
ical properties of FFF allows researchers and engineers to develop better models to predict
the mechanical properties of printed products based on their geometry and material using
tools like Finite Element Analysis (FEA). Geometric accuracy might be the most crucial
property that requires significant attention and continuous improvement from the academic
community to facilitate the utilization of FFF in the industrial sector for end-use products.
Achieving precise geometric dimensions and tolerances is essential for ensuring interchange-
ability, compatibility with other components, and meeting design specifications. In industrial
applications where consistency and reliability are paramount, addressing dimensional vari-

ability, layer adhesion, and surface finish becomes imperative.

1.2 Problem Statement

Reliability in manufacturing accuracy is critical to ensure that manufactured parts will ac-
complish the required specifications. For AM, the specification could be the assembly of
parts, the accurate representation of the CAD model for prototyping, or maintaining ex-
pected performance. For example, the aerospace industry needs a high level of geometric
accuracy, as all airfoils are meticulously designed to offer optimal performances. Other parts
of the airplanes are designed to use the minimum material possible with topological optimiza-
tion, meaning the designed part could be close to the limit of tolerable strain, and missing
material could mean failure. The automotive industry also follows the trend of reducing fuel
consumption or augmenting the range of electric vehicles by using topologically optimized
parts. Additionally, the medical sector needs high geometric accuracy because some parts

manufactured for this industry must couple to a human body, and geometric imperfection



would result in an uncomfortable or even painful experience for the user.

In AM, the process of material addition involves many sources of volumetric errors, such as the
mechanical inaccuracies of the machine itself, mathematical errors in the 3D representation of
the geometry, the approximation errors of 2D slices to build a 3D part, the material shrinking
and expanding due to changes in the temperature, humidity, or phase, impurities in the
material itself, and more. Each of these sources of error can be difficult to ascertain due to
their non-linearity and interactions. One method often used to obtain a representation of all
sources of error is to measure a 3D printed part as-is and measure the deviation of the surface
of the geometry. The measured deviations can be used to demonstrate how a fabricated part
deviates. Still, a more thorough investigation will reveal that this deviation pattern is altered
with every iteration due to the two components of deviations in the 3D printing process:
random errors and systematic deviations. The problem arises when attempting to analyze

the deviation of the surface of the geometry to determine how it could be improved.

This thesis aims to develop a methodology to enhance the geometric accuracy of desktop
FFF 3D printers by harnessing the high-density and high-accuracy measurements obtained
from structured light 3D scanners applied to actual 3D printed parts. This objective is then
separated into three sub-objectives. First, determine how to affect the 3D printing process
to reduce geometric deviations based on 3D deviation values measured on the surface of the
entire geometry. Second, decide how to interpret structured light 3D scan data to obtain the
optimal deviation value that can be acted on. Finally, create a model that can extract the
optimal deviation values using as little data as possible. These objectives will be addressed
in chapters 4, 5, 6 after a thorough review of the scientific literature in chapter 2 and chapter
3 which will further develop the objectives and the rationale. Chapter 7 will follow with

general discussions and, finally, the conclusion in chapter 8.

1.3 Thesis Organization

While pursuing the primary objective outlined, we achieved two significant milestones, war-
ranting the publication of our findings in two separate peer-reviewed journal papers. Addi-
tionally, throughout our research journey, we actively participated in conferences to present
interim findings and engage in discussions with fellow academic community members. Fur-
thermore, we expanded on our presentation for one of these conferences by publishing a paper
to disseminate our findings widely and stimulate further discourse within the academic com-
munity. Fach published paper mainly focuses on one sub-objective but still touches on all
three. They are presented in chapters 4, 5, 6 after a thorough review of the scientific literature

in chapter 2 and chapter 3 which further develops the research’s objectives and rationale.



Chapter 7 will follow with general discussions and, finally, the conclusion in chapter 8.

Chapter 4 presents the paper entitled "Improving Geometric Accuracy of 3D Printed Parts
Using 3D Metrology Feedback and Mesh Morphing'. It determines the methodology to
improve the geometric deviations of a desktop FFF 3D printer: we can apply the inverse of
measured deviations on the surface mesh of the original geometry to obtain a compensated
part that has improved geometric accuracy. This compensation method can also be improved
upon by obtaining the deviation values averaged from five parts printed on the same machine.
This process allows us to extract the systematic deviation field from the raw deviation,
eliminating its random deviation component. The part compensated using the inverse of the
systematic deviation field shows greater accuracy than the part compensated using the raw
deviation field. This conclusion exposes that there is indeed an optimal interpretation of the

3D scan data, which is yet to be determined.

The second paper, titled "Determining Systematic Deviation Scalar Fields in 3D Printing
using Convolutional Neural Networks: A Machine Learning Approach to Improving Geomet-
ric Accuracy" and presented in chapter 5, discusses a methodology to extract the systematic
deviation scalar field from a singular raw deviation scalar field of a printed part. An ML
model is presented, which uses a pre-processing step and a CNN model to compute system-
atic deviation values. The pre-processing step creates 2D images of the raw deviation field
around each point of the nominal surface mesh, and the CNN model interprets these images
with the hypothesis that systematic and random deviations present differently locally and
globally in the deviation scalar field of a 3D printed part. By using the ML model, we can
better interpret the raw 3D scan data, and we are also able to reduce the quantity of data

required for each compensation.

The paper presented in chapter 6 published amidst the CIRP ICME ’23 conference discusses
the first intermediary results produced from our research’s last logical step: implementing
the compensation methodology in a closed-loop form directly on a 3D printer, which re-
duces the data needed to a minimum. The paper discusses The measurement discrepancies
between in-process measurements and offline measurements. These discrepancies proved to
be a roadblock important enough and outside of this research’s scope that stopped us from

implementing the in-process compensation methodology.



CHAPTER 2 LITERATURE REVIEW

This chapter thoroughly reviews the literature on enhancing geometric accuracy in 3D print-
ing, focusing on four primary axes. First, we present the foundational aspects of the FFF
3D printing process and its intrinsic relationship with geometric accuracy. Subsequently, we
demonstrate the role of structured light 3D scanners in capturing a digital representation of
manufactured parts for metrological purposes. We then review current methodologies and
strategies to improve geometric accuracy within the FFF framework. Finally, we explore
the burgeoning domain of Machine Learning applications for metrological qualification and
improvement of FFF 3D printed parts, along with other solutions to similar problems in

analogous fields.

2.1 FDM/FFF 3D Printing

FDM 3D printing was first developed in the mid-eighties [5] by Scott Crump, who would
patent it and found Stratasys to commercialize it as a rapid prototyping (RP) process. It
demonstrated many advantages that are still attributable to FDM 3D printing: reduced
wasted material, creation of the printing program directly from the CAD model, and minimal

post-processing required when the printing is done.

2.1.1 Process Overview of FDM/FFF 3D Printing

In FDM, the material is fed into a heated nozzle where its temperature is raised until it
becomes malleable, allowing it to be extruded layer by layer to form the desired object,
figure 2.1. The printer’s nozzle then moves along a predefined path, depositing the flowing
material onto the build platform or previous layers in a pattern dictated by the G-Code
file 2.2. As the material is deposited, it quickly cools and solidifies, fusing with the previous
layers to form the object’s structure. Depending on the complexity of the design, support
structures may be added to facilitate overhanging features. The G-Code file is constructed
by slicing the CAD file to predetermined printing parameters like the printing temperature,
the material feed speed, and the printing speed.

2.1.2 Applications and Considerations in FFF 3D Printing

Researchers explored use cases other than rapid prototyping early in developing the FFF

process. One such use case is printing the part in wax or similar material for use in a
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Figure 2.1 Diagram of the 3D printing process using the FDM technique. Inspired by Comb
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Figure 2.2 G-code example and representation in PrusaSlicer of a small cylinder.



foundry [6]. In situations where the creation of the sacrificial wax geometry is cost-prohibitive
or too slow, FDM can present itself as a rapid tooling method and reduce the cost associated
with a small quantity production run. Lee et al. explore this opportunity by casting a
part using an FDM printed part as the investment casting and studying the quality of the
produced part [7]. In another study, Pal and Ravi examine different methods of using RP
technologies, including FDM, to cast a part either indirectly or directly. Three routes are
investigated: casting the printed part in sand directly, creating a silicone mold from the
printed part first, then creating a wax part for investment casting, or creating an epoxy part
for sand casting. They note that accumulating dimensional errors in each step of the routes
is a significant issue [8]. Pal et al. later demonstrated that casting a part using an FDM part

was the worst-performing RP platform, mainly due to the lack of dimensional accuracy [9].

2.1.3 Geometric Accuracy and Process Parameters in FDM /FFF 3D Printing

To develop knowledge of the geometric accuracy of FDM machines, Mahesh et al. developed
a benchmark artifact to be measured by CMM. The result of measuring different features
and features allows the user to compare the performance of an AM process to another [10].
Zhang and Chou demonstrated the interactions between the printing parameters and how
they affect warpage, finding that printing speed is the parameter that affects it the most and
that the interaction between road width and layer height is almost as important [11]. Sood
et al. later employed a grey-Taguchi [12] method to analyze the effect of the layer thickness,
part orientation, raster angle, raster width, and air gap on the dimensional accuracy of an
FDM printed part. Using a Taguchi methodology, the authors could also analyze the inter-
action between the five process parameters. Including a grey method has enabled them to
obtain the optimal set of parameters to reduce shrinkage. The authors also note that the
grey-Taguchi method must be repeated for every geometry [13]. Hackney also investigated
the process parameters required to produce accurate 3D printed parts for tooling and direct
use and identified three primary sources of errors: Mathematical errors due to the approx-
imation of part surfaces in the computer file format; The process-related errors stemming
from the mechanical nature of the machine; material-related errors induced by the change
in temperature and state of the material as it is being extruded and deposited on previous
layers [14]. Bochmann et al. investigated the process-related errors and determined that the
FDM machine’s dimensional accuracy varied to the toolhead’s position. The author deter-
mined that the error behavior might be improved by implementing better process planning,

process control, and machine design [15].



2.1.4 Materials in FDM 3D Printing

In the early days of FDM 3D printing, the material selection was limited to Acrylonitrile Bu-
tadiene Styrene (ABS), elastomers, or investment casting wax [16]. In the past decade,
Poly-Lactic Acid (PLA), Nylons (PA6 and PA12), Acrylonitrile styrene acrylate (ASA),
PolyCarbonate (PC), and Polyethylene Terephthalate (PET) have emerged as prominent
thermoplastics frequently utilized in FDM, complementing the longstanding use of ABS [17].
Engineering materials were also developed, in particular poly-ether-ether-ketone (PEEK) and
PolyEtherImide (PEI), for their chemical stability [18,19] and good biocompatibility [20,21].
Besides utilizing thermoplastics, fibers can be incorporated into the material to enhance spe-
cific properties. Common base polymers include PLA, ABS, and Nylon, while the fibers may

consist of Glass or Carbon in chopped or oriented forms [22].

Metal-based FDM, see figure 2.3, was also demonstrated to be a promising development,
showcasing the potential for utilizing metal-based materials in FDM processes by using a
combination of binder and metal powder [23]. Metal-based FDM enhances the overall ad-
vantages of powder-based metal AM, offering increased flexibility and cost-effectiveness, par-
ticularly beneficial for small-scale production runs [24]. The post-processing of metal FDM
is more involved than for thermoplastic-based material, as the part needs to be debinded and
sintered in specialized equipment, which affects the dimensions of the printed part. Indeed,
Quarto et al. note that a part printed in a commercial 3D printer shrinks by approximately
16% in the X-Y plane and by 20% in the Z direction [25]. Pelligrini et al. evaluated the
shrinkage of 17-4 PH stainless steel printed using a commercial FFF-style 3D printer. The
authors demonstrated that the sintering process affects the geometric accuracy non-uniformly

and depends on the sintering orientation, infill line direction, and aspect ratio [26].

Figure 2.3 A Metal FDM part printed using an Ultimaker S5 in 316L Stainless Steel.



2.1.5 Impact of Open-Source FFF 3D Printing on Accessibility and Research

In 2007, Dr. Adrien Bowyer developed the first Replicating Rapid Prototyper (RepRap) [27],
an open-source FFF 3D printer initiated by the academic world and further developed in the
open-source and open-hardware community. Reprap and other open-source low-cost FFF 3D
printers enabled many to use a 3D printer for different projects without requiring a bigger
budget, costing only 500 $. The cheapest 3D printer at that time still cost 9900 $ and, most
importantly, did not allow for experimenting due to the closed nature of the hardware and
software. Pei et al. analyzed the geometric accuracy of an artifact printed on a Level 3D
printing machine, the RapMan. Despite the low quality of the produced part, the authors
indicate many paths to improvement [28]. Johnson et al. evaluated another low-cost 3D
printer, the CupCake CNC MakerBot, for its geometric accuracy. This study notably uses
a 3D scanner to capture the entirety of the surface of the 3D printed part, enabling a more
holistic view of the geometric deviations. This study claims that 97.7% of the scanned
points are within +/- 0.5 mm, and the standard deviation for the data is 0.3101 mm [29].
Minetola and Galati demonstrated a methodology to improve the performance of different
versions of an [3-style 3D printer by optimizing the printing parameters. The improved
printers showed greater geometric accuracy and speed, showing the importance of parameter
optimization in DIY /open-source 3D printers [30]. Minetola et al. also demonstrated the
geometric tolerance capability of different AM systems, including a DIY FFF 3D printer and
a commercial Ultimaker 2. This study points out the better geometrical accuracy of the

Ultimaker 2 commercial 3D printer [31].

2.2 Structured Light 3D scanning

3D scanning technology has revolutionized the process of capturing real-world objects and
environments with unparalleled resolution and detail, making it an indispensable tool across
various industries and academic disciplines. Although the ideas and technology have existed
since the late eighties [32,33], the application was quite limited. An important application of
this technology was cultural conservationism, where artworks, e.g., sculptures, could be 3D
scanned to obtain a digitized version of the object [34,35]. The 3D scanners used in these
projects were often tailor-made set-ups of a laser, range camera, spotlight, and digital color

camera.
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2.2.1 Process Overview of Structured Light 3D Scanning

Rochinni et al. later developed a low-cost 3D scanner using structured light. The authors
combined a video projector to create patterns with a high-resolution digital camera set at an
exactly known angle, as shown in figure 2.4. The camera captured the pattern’s deformation
on the subject and created a 3D representation of the observation [36] as seen in figure 2.5.
While it is widespread today, using two cameras is unnecessary. It mainly helps index the
pattern stripes in the case of self-occlusion [37]. Bieri and Jacot examined the potential for
this system to enhance quality control in the production line. The main interest was the
capacity of 3D scanning to capture the height dimension when capturing an image of the
subject, and the authors developed methodologies to filter random phase noise and improve
the efficacy of the projected pattern [38]. Voisin et al. examined the effect of color on the
accuracy of the acquisition. The authors demonstrated that the color has a notable impact
on the position of the captured points by way of noise with an amplitude that is consistent
depending on the color of the surface [39]. Researchers have studied many other parameters
to evaluate their effects on the accuracy of structured light 3D scanners, including the ambient
temperature [40], the ambient light [41], the reflectivity [42] or the pattern used [29].

Measured object

Gantry
Video projector Camera

Figure 2.4 Diagram of a single camera 3D scanner
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Figure 2.5 The structured light pattern projected on a 3D printed part.

2.2.2 Standard and Methods of Evaluation 3D scanners’ Accuracy

The Association of German Engineers (Verein Deutscher Ingenieure, VDI) published in 2008
the VDI/VDE 2634 part 2, which determines the methods to rate the uncertainty of a 3D
scanning system, and part 3, which applies to systems that generate multiple views by mov-
ing the 3D scanner or the scanned object [43]. To further develop an understanding of the
metrological capabilities of 3D scanning systems, Ghandali et al. developed a methodology
to characterize the measurement errors of a commercial 3D scanner concerning the position
of the measured object in the measuring space [44]. Isa et al. developed a volumetric error
mapping to correct errors in photogrammetric metrology, determining that the measurement
error magnitude could be reduced by 10 to 30% [45]. Dicking et al. devised a methodol-
ogy of directly comparing measurements of a Coordinate Measuring Machine (CMM) and
a structured light 3D scanner. This comparison can allow the user to craft a compensation
methodology for their machine [46]. Cuesta et al. produced a GD&T-feature-based artifact
accompanied by a unified calibration methodology to respond to the ever-growing number of
systems and solutions to structured light 3D scanning [47]. Gayton et al. provide a paramet-
ric uncertainty evaluation methodology, which offers the user more information about the
capacity of their 3D scanning systems. Zhao et al. implemented an uncertainty evaluation
for profile measurements for an industrial-grade 3D scanner to determine the quality of its

measurements [48].
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2.2.3 Applications of 3D Scanning in Manufacturing and Inspection

Researchers see opportunities in using structured light 3D scanning in metrology thanks to
its high density of measurements. Indeed, the automotive [49], medical [50], and dental [51]
fields are all in the process of adopting structured light 3D scanners as part of their process.
For applications where accuracy is of higher importance, like in aerospace, 3D scanning is in
development [52], and more advanced measurement methodologies are being currently under

development to improve their accuracy [53].

2.3 Machine Learning

The proliferation of machine learning applications across domains such as healthcare, finance,
natural language processing, computer vision, robotics, and recommendation systems under-
scores its transformative impact on society. It has revolutionized how we analyze data and
make decisions. Not long after Donald Hebb introduced the biological model for the neuron
in 1947 [54], Frank Rosenblatt developed a working artificial neuron, named the perceptron,
that could recognize shapes and images. Still, it did not meet the author’s expectation [55].
At that time, the neurons’ weights in the neural network were set manually by the Artificial
Neural Network’s (ANN) designer, requiring expert knowledge of the ANN’s architecture
and the subject the ANN was designed to work on. It was a stumbling block in the road
of perceptrons. A network performing complex computations requires nonlinear components
that aren’t solely reliant on the input data. However, when such a network produces incor-
rect results, pinpointing the specific connection strength responsible for the error becomes a
formidable challenge due to the multitude of interconnected elements [56]. Backpropagation,
developed by Rumelhart et al., is a learning procedure that can correct the errors of an ANN
by propagating that error to each neuron of the network and applying a modification to
the weight using gradient descent. It was shown to be able to effectively tweak the weight
parameters of an ANN to enable it to generalize and capture underlying patterns in the
training data autonomously, solving the stumbling block and fueling the first neural network

renaissance [57].
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Figure 2.6 Diagram of a three-layer Multilayer Perceptron

Figure 2.6 illustrates the architecture of a basic three-layer Multi-Layer Perceptron (MLP).
This model showcases input data flow through successive layers of computation, ultimately
culminating in the output layer. The hidden layers depicted in the diagram serve as an
intermediary stage where transformations occur, hidden from direct observation by users or
external algorithms. Each neuron within the first layer, denoted as ny, and u is the index
of the neuron in the first layer, transforms the input values, represented by I; where ¢ is the
input index according to equation 2.1. An additional bias parameter B can also be included

to introduce further flexibility and adaptability in the neural network’s learning process.

k

ni, = B+ (w1 x L) (2.1)

i=1

After the first layer is fully computed, the result of each neuron is passed to the neurons of
the second layer ns, where v is the index of each neuron in the second layer, multiplying them
by the corresponding weight ws, 1, and adding the optional bias parameter. This process
persists iteratively until reaching the final layer, which also comprises neurons. At this stage,
the output treatment varies depending on the model’s purpose. For instance, when tackling
regression challenges, the output typically remains unchanged. In this scenario, the final
layer directly produces the predicted values without further manipulation. Conversely, in
classification tasks, the output of the last layer undergoes a transformation through a softmax
function. This operation yields a probabilistic interpretation, indicating the likelihood of the
input belonging to different classes, such as Class A or B. The softmax equation is represented
in equation 2.2 where z is the input vector, e* is the standard exponential of the input z;

and k is the number of classes.
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2.3.1 Convolutional Neural Networks

Most DNNs working on images aim to analyze and classify them to determine their content.
For this task, Convolutional Neural Networks (CNNs) were found to be very powerful. CNNs
use a learnable filter to extract hierarchical patterns from input data automatically; see
figure 2.7. LeCun et al. developed the LeNEt-5 using only seven layers, two convolutions,
two pools, one fully connected, the input, and the output to classify handwritten digits into
their values. The authors claimed an error rate of 0.95% after only ten epochs on the MNIST
dataset. In contrast, the best other algorithms could claim an error rate of 1% while being

approximately 60% more computationally expensive [58].

Various CNN advancements have been developed to enhance their performance across diverse
image datasets. For instance, AlexNet, introduced in 2012, builds upon the foundational ar-
chitecture of LeNet while incorporating contemporary innovations [59]. It integrates Rectified
Linear Units (ReLU) as a non-linear activation function after convolutional layers, enabling
the network to capture intricate non-linear patterns and relationships within the data [60].
Furthermore, Dropout between fully connected layers is a regularization technique to mit-
igate overfitting and prevent the co-adaptation of neurons, thereby enhancing the model’s
generalization capability [61]. These enhancements contribute to the improved performance
and robustness of AlexNet across a wide range of image recognition tasks, obtaining an error
rate of 15.3% on the Fall 2011 ImageNet dataset, while the following best algorithm achieved

an error rate of 26.2%.
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Figure 2.7 Diagram of a Convolutional Layer.

Visual Geometry Group Network (VGGNet) is a CNN architecture investigating the effect
of increasing a network’s depth using tiny convolution filters. Indeed, VGGNet is designed
with 16 to 19 weight layers, more than double the 8-layer deep AlexNet. The authors note
that the configuration of their proposed CNN is quite different from other CNNs that use
a large receptive field for the first convolution layers (11 x 11 convolutions with stride 4 in
AlexNet). Instead, they use a series of 3 x 3 convolutions with stride one and a rectification
layer between each convolution layer. In effect, replacing a 7 x 7 convolution layer with three
3 convolutions, both having the same receptive field, but the first needs 81% more parameters
for its weights, and the second has the added benefits of having integrated non-linearity [62].
The authors claim a top-5 error in the validation set of 7.1%, meaning the proper image
classification is within the top 5 predicted classifications from the network. GooglLeNet is
another deep CNN architecture with 22 convolution layers. Szegedy et al. utilized small
convolution filters (1 x 1, 3 x 3, 5 x 5) in inception modules, which are the main building
blocks of the network. The inception modules transform the data from the previous layer
through different convolution filters and rectification layers in parallel before concatenating
and passing it to the next layer. The authors note that the impressive network depth might

have prevented the gradients from effectively propagating through all the layers, so they
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implemented auxiliary classifiers. Adding them at strategic positions in the network could
ensure a strong gradient could be backpropagated through the middle part of the network,
circumnavigating the vanishing gradient problem [63]. The top-5 accuracy reported by the
authors is 7.9%.

He et al. continued making CNNs deeper by demonstrating the Residual Network (ResNet):
a CNN architecture that can be built with 18 to an astonishing 152 convolution layers. The
residual learning blocks, shown in figure 2.8, were designed to enable the construction of
deeper networks by solving the vanishing gradient problem in a novel way. The framework
presented by the authors allows for the input to a residual learning block to be passed to the
next layer by performing identity mapping and adding them to the output of the residual
learning block. This block comprises stacked convolution with ReLu layers of size 3 x 3. This
simple layout is surprisingly powerful, resulting in a top-5 error rate ranging between 5.71%
for ResNet-34 to 4.49% for ResNet-152, all with lower complexity than VGGNet-19 [64].

X
\ 4
weight layer
‘F(X) Y relu X
weight layer identity

Figure 2.8 The ResNet basic building block [He et al. 2015]. ©2016 IEEE

2.3.2 Machine Learning for 3D shapes

Both DNNs and classical machine learning tools work well for structured and organized
datasets by taking advantage of the inherent information in the distribution of data in the
input. One example is the convolutional layers in CNNs that learn to detect what digit is in
an image by finding loops or straight lines by analyzing the values in discrete pixels. In the
domain of 3D shapes, where discrete data representation is not common, DNN implementa-
tions are rare. Some implementations used images, or views, of the 3D object and classified
them to inform on the subject of the 3D model [65,66]. Wu et al. demonstrate their algorithm
for a deep representation of volumetric shapes that could allow for the classification of 2,5D

depth measurements of objects. In this implementation, it is necessary to voxelize the 3D
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shape, enabling 3D convolutional layers and the previously mentioned tools and optimization

already developed for image classification [67,68].

Qi et al. later developed PointNet, which could work directly on an unorganized and un-
structured point cloud to apply classification or segmentation and offered results that could
compete with or even beat 2D representations of the 3D model [69]. The authors identify
three properties that their networks will need to account for. The first property is the lack
of order in the set of points, and an NN consuming a point cloud of N points needs to be
invariant to the N! possible permutation of the point sequence. The second property is the
importance of the position of each point compared to other points. The subset of points
neighboring each point is significant to conclusions made on it. The third property of point
clouds is the invariance under transformations. Depending on how they were created, point
clouds might have no relationship with the coordinate system they are currently under and
always represent the same object, regardless of the orientation in the 3D space. The authors
integrate modules in PointNet’s architecture to solve these issues: a symmetry function for
the unordered input and a joint alignment network to ensure the network is not affected by
rigid transformations of the input point cloud. The segmentation network learns the second
property to determine what group a particular point belongs to. On the ModelNet40 shape
dataset, PointNet claims an average class accuracy of 86.2% and an overall accuracy of 89.2%
in point cloud classification tasks and 83.7% mean interaction over union (mloU), which is
competitive with or beats other NNs using images or voxel representations of a 3D shape. The
successor algorithm, PointNet++, improved upon its predecessor by implementing, amongst
other things, a nested partitioning of the input point cloud [70]. A hierarchical structure
abstracts local regions of the point cloud using three layers: the sampling layer, the grouping
layer, and the PointNet layer. The abstracted point set can then be fed to a classification
MLP or a segmentation network. Thanks to the sampling layers, PointNet++ is also robust
in the case of non-uniformly sampled point clouds. It claims an overall accuracy of 91.9%
on the classification of the ModelNet40 dataset, improving upon its predecessor and other

classification methods.

Following these seminal works, many other methodologies have been published, improving
upon their predecessor in the classification and segmentation of the ModelNet40 dataset.
Namely, Kd-Net [71], O-CNN [72], SO-Net [73], MeshNet [74], PointGPT [75], ShapeLLM [76],
and the current record holder (overall accuracy of 96.9%) GeomGCNN [77]
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2.4 3D Printing Geometric Accuracy Improvement Methods

Initially, 3D printing was conceived as an RP platform, where the printed parts only needed
to be accurate enough to represent the geometry of the intended design. The attention to ge-
ometric accuracy was documented in chapter 2.1.3. This section will delve into methodologies
that various researchers have implemented to actively affect the printing process and improve
the accuracy of the produced part. We will not limit the section’s scope to a single printing
process to enable intersectionalism and facilitate a comprehensive understanding of method-
ologies across various 3D printing techniques. These methodologies can be categorized into

several groups:

1. Dynamic Process Parameter Adjustments: Methods that measure actual process pa-
rameters to form a closed-loop control system, allowing real-time adjustments during
the printing process to optimize accuracy and quality based on feedback from sensors

or monitoring devices.

2. Predictive Geometric Compensation: Methods that use physics-based analyses to de-
termine the deviations created by the printing process, allowing adjustments to be made

in advance to compensate for anticipated deviations and improve geometric accuracy.

3. Retrospective Error Analysis: Methods that use fabricated parts and their measured

deviation fields to build a deviation model for the following parts.

While the goal of each method group is the same, ensuring the printing process results in a
part with as little deviation from the intended geometry as possible, the hypothetical source
of errors for each is different. The first points to fluctuations in printing parameters as the
source of errors, the second highlights the thermo-mechanical effects of the printing process
on the solidified material, and the third encompasses machine errors occurring during the
printing process in addition to the thermo-mechanical effects. An ideal methodology for
improving the geometric accuracy of a printed part would require an element from each
group, but as researchers focus on a method in their published work, so will the following

sections.

2.4.1 Dynamic Process Parameter Adjustments

In 3D printing processes, some process parameters are controlled in a closed loop to ensure
precise and consistent parts fabrication. In FFF, for example, the nozzle hotend and the

print-bed temperature are closely monitored and adjusted via Proportional Integral Derivate
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(PID) controllers [78] to ensure the flow of material is consistent and solidifies as is prescribed.
If the nozzle hotend temperature was too low, insufficient material could be extruded, and the
part could be in under-material conditions, failing to reach the intended geometrical accuracy.
In this example, the error source is the low temperature of the extruder, and the effect is
under-extrusion of material. The same effect can also arise from factors such as a smaller
filament diameter, nozzle clogging due to impurities, or excessively high printing speeds
where the material has insufficient time to soften. In these cases, the hotend temperature
cannot verify if the printing is under-extruding material. To better control the 3D printing
process, researchers have considered many process parameters to evaluate the quality of the
process itself and, when possible, adjust controllable parameters to improve it. It is worth
noting that these methods do not necessarily attempt to control the geometric accuracy of
the 3D printed part in particular but instead strive to stabilize the process. This stability
will indirectly improve the final printed part’s geometric accuracy by eliminating instabilities

often described as random errors, like blobs or over/under-extrusion.

Acoustic emission sensors installed in 3D printers can detect different modes of operation due
to their sensitivity to mechanical system dynamics. This sensitivity allows the sensor to detect
friction, force, or vibration variations. Researchers have implemented algorithms to parse the
acoustic emission signal to monitor the status of the printing process [79-82]. Shevchik et al.
also implemented acoustic emission sensors to monitor the quality of a Selective Laser Melting
(SLM) process. The acoustic signals from the sensors are analyzed by spectral convolutional
neural networks, which were able to ascertain the porosity of the fabricated part with an
accuracy of 83 to 89% [83]. Wu et al. studied monitoring and diagnostic methods based on
acoustic emission sensors to detect different failure modes of FFF 3D printing. By training
a Self-Organizing Map, an unsupervised machine learning model, on the signal of failing and
successful printing processes, it could later detect that a print had failed and determine the
root cause of the failure. The authors’ proposed method is limited to first-layer monitoring
and diagnosis, the most critical step in an FFF 3D printing process [79]. Li et al. investigate
a similar approach: using piezoelectric vibration sensors to monitor the extrusion quality in
an FFF 3D printing process. By detecting the vibrations caused by the extruder stepper
motor in a regular and abnormal state, the authors can determine the production quality
and the machine state of the extruder stepper motor at more than 90% accuracy [84] To
date, there is a notable absence of literature exploring the integration of acoustic emission
sensing within a closed-loop system to enhance the efficacy or accuracy of the 3D printing

process.

Infrared Imaging systems have also been used with FFF 3D printers to characterize the melt

pool characteristics, providing insights into the nature of the inter-layer bond. Seppala and
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Nigler implemented a method to determine the quality of the weld between layers and how
the high-temperature nozzle and newly deposited material affected the temperature of the
already solidified material. The authors conclude that a small amount of heat is transferred
to the last solidified layer, and the layer before that doesn’t see its temperature rise above
the glass transition temperature, meaning the weld is never annealed in the printing process.
To accomplish this, a temperature compensation algorithm to eliminate the reflection of
the nozzle hotend on the 3D printed surface was also developed by the authors [85]. In
the powder-based laser processes, the energy density of the laser is one of the most critical
process parameters that can be controlled, either by changing the power available to the laser
or by moving it faster across the surface of the powder bed [86]. A robust process control
methodology was required to obtain repeatable and reliable results. Bi et al. propose such a
process control methodology by implementing a PID-controlled system based on the infrared
temperature measured on the melt pool. This approach improved the laser’s capability to
build thin-walled structures and ensured a constant melt pool size, which in turn enabled
constant cooling and resulting homogeneous microstructures [87]. Kousiatza and Karalekas
investigated the in-situ use of Fiber Bragg Grating sensors to monitor the temperature profile
and strain in the manufacturing process. This data allows the author to determine the post-

fabrication residual strain in the free-standing state [88].

Another avenue for error detection in printing is vision-based methodologies, which leverage
cameras or imaging systems to capture and analyze real-time data during printing. The
imaging system can comprise a single source of data or an array of cameras to view the
fabricated part from all sides. Vision-based process control methodologies are often paired
with an ML algorithm that interprets the received images and outputs a conclusion on the
quality of the printing process. The ML algorithm used in vision-based process control
methodologies leverages the vast amount of research in computer vision for robots and other
industrial processes, showing signs of a relatively mature process compared to different types

of in-situ process control in AM.

Gardner et al. present a method for optimizing the printing parameters in response to faults
detected by cameras and interpreted by the AlexNet CNN. By using transfer learning, a
process where the model is trained initially on generic and large dataset [89] like ImageNet [90]
and then fine-tuned on a smaller particular dataset concerning the subject, the authors were
able to detect the presence of blobs, delaminations or warpings on the surface of the printed
part, see figure 2.9. The printing process parameters are then adjusted to improve the
geometric quality of the fabricated part. The defect detection module achieved an inference
accuracy of 66% to 89% on the nature of the defect, and the quality optimization shows a 14%

augmentation in the number of "No defect" labels when compared to the average part [91].
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Figure 2.9 A) The CNN uses the inputs and outputs to infer defect classification. B) Confu-
sion matrix of the trained CNN. C) Comparison of the inferred and actual classification of a
printed part [Gardner et al. 2019].

Liu et al. present an image analysis-based methodology to enhance the quality of the printing
process’s infill component. Their approach involves the installation of two digital microscopes
positioned closely to the printing nozzle, enabling the assessment of extrusion quality by
analyzing the texture of captured images. A gray-level co-occurrence matrix [92] is used to
interpret the image data, and a K-Nearest Neighbor algorithm [93] is then used to classify
the obtained images to finally conclude what modification to the printing process should
be applied [94]. Jin et al. propose a similar methodology using the ResNet-50 CNN with
transfer learning as the image classifier to detect under-extrusion, over-extrusion, or standard
extrusion. The print speed, the material flow rate, and the layer height are then adjusted to

compensate for the extrusion to improve the quality of the printed part [95].

Brion and Pattinson developed the methodology by implementing a regression-type neural
network model to accurately predict the actual material flow rate based on images of the ma-
terial as it exits the nozzle. This value can then compensate for the flow rate of subsequently

deposited material by modifying the on-the-fly flow rate modifier of the machine [96]. Brion
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and Pattinson later generalized this application to other printing parameters: the material
flow rate, the lateral machine speed, the machine z-offset, and the hot end temperature. To
achieve this generalization, the authors used a multi-head neural network, a neural network
with multiple output layers and multiple objectives [97], see figure 2.10. By classifying the
image related to the printing parameters, a compensation algorithm can adjust the parameter
to ensure the quality of the printed part [98].
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Figure 2.10 a) The proposed multi-head Neural Network architecture by Brion and Pattinson.
b) The different attention masks for each head. ¢) Confusion Matrices of the final matrices
after each tr ining. d) Training and validation accuracy plots from the training and validation
sets [Brion and Pattinson, 2022].

2.4.2 Predictive Geometric Compensation

Many researchers have also investigated the approach of predicting the deviations attributable

to the printing process. These approaches are characterized by being applied before the print-
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ing process, enabling the user to compensate the printing process and improve the geometric
accuracy of the printed part. A significant appeal of this approach is the possibility of test-
ing and developing the optimal geometry and compensation methodology in simulations and
experiments without requiring machine time or wanted material, freeing them for continued
production. Sartori and Zhang present some conditions for compensation of machine errors

to be successful [99], which will be applicable for this section and the next:

o The magnitude of systematic error components must significantly surpass that of ran-

dom errors, i.e., the machine must be repeatable.

o Adequate error modeling is essential; treating measurement errors as machine errors

can distort compensation efforts.

o FError assessment and compensation should align with the machine’s absolute coordinate

system.

o High-frequency errors, like the stairway effect in 3D printing, may remain uncompen-

sated due to mechanical limitations.

e Real-time compensation procedures should not compromise machine performance.

One approach to predicting immutable deviations of the 3D printing process is to simulate
that process using Finite Element Analysis (FEA), as presented by Chowdhury et al. Indeed,
the authors use FEA to predict the thermo-mechanical deviations in metallic powder 3D
printing. An NN is then trained on the output of the FEA to predict the deviations for
the points representing the nominal CAD STL, which can then be used to compensate them
by the inverse of the expected deviations [100,101]. Zhu et al. showcase an approach where
FEA-simulated data form the dataset for a statistical error model. This error model combines
Statistical Shape Analysis with a Gaussian Process to model deviations while considering
process parameters. This method can then predict the 3D printed part geometric deviation
of a part with new process parameters, which can enable the designer to determine what
are the best tolerances that can be reached with a given shape and process parameter [102].
Another study by Zhu et al. proposes using CNNs to learn deviation patterns based on
the outline of the geometry and some process parameters. The input, CNN, and predicted
output are presented in figure 2.11. It was trained using data created with FEA to simulate

the thermomechanical deviations caused by the printing process [103].
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Figure 2.11 The Convolutional Neural Network for Geometric Deviation Prediction [Zhu et
al, 2020]

Charalampous et al. propose a learning method in which a regression-based machine learning
model is trained to predict deviation on primitive shapes concerning process parameters. The
model can infer scaling errors from the process parameter by training on a set of printed cubes
and evaluating them on different axes. It allows the trained model to determine the inverse
scaling necessary to eliminate, by compensation, the deviations of the more complex 3D
printed part [104].

2.4.3 Retrospective Error Analysis

Other researchers have opted to analyze the deviations of a printed part to determine the
3D printer’s deviation model. The computed deviation model then includes all deviations
from the 3D printer, including kinematic errors, thermo-mechanical deviations, deviations
caused by environmental changes, etc. In this situation, most research focuses on methods
to interpret the deviation fields into models that can predict the deviations based on selected

input parameters.

One approach to determining the deviations of a printed part is to analyze the printing
process itself and create a mathematical model of the deviations that can then be applied
to other geometries. Tong et al. present a parametric error modeling based on a master
reference artifact fabricated using an SLA 3D printer and measured using a CMM. The
measurements then estimate the error function coefficients using Legendre polynomials. The
error model can be simplified to 2D by assuming z = 0 and using a plate with holes as
the reference artifact. The authors then apply the inverse of the predicted error to the

STL file to produce a compensated hole plate, which shows reduced errors in all measured
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parameters [105]. Caja et al. propose a similar parametric error modeling in 3 dimensions
to capture 18 independent error functions defined by Legendre polynomials to characterize
the kinematic model of a PolyJet 3D printer by fabricating an artifact that can be measured
in a CMM. After building that kinematic error model, the authors apply the inverse of the
predicted systematic errors to the STL of the nominal CAD file and obtain a part with 70%
reduced max deviation [106,107].

Cheng et al. propose a method for modeling the dimensional error of the 3D-printed part
using a parameter-based transfer learning approach. The shape deviation is separated into
a shape-independent and a shape-specific error model. The first can be described by a
statistical model involving expert knowledge and statistical analysis of datasets, while the
second requires specific investigation. This method allows for a level of generalization that

identifies a part of the systematic deviations caused by a 3D printer [108].

Song et al. address the issue of low dimensional accuracy in low-end FDM 3D printers by
implementing an error modeling approach using the Kriging method [109]. This error model
includes deviations due to mechanical error and thermo-mechanical effect while focused on
in-plane deviations, which corresponds well with the 3D printing process [110]. Huang et al.
built a unified modeling approach on the previous study for cylinders and polygon shapes built
using 3D pr nters. This approach uses a polar coordinate system to ensure the correlation
between the reference geometry and the measured data and simplifies the mathematical
definition of the error model f(r,f). In the case of cylinders, they have a constant radius
r, meaning the in-plane deviations vary only with respect to the angle heta. In the case
of polygons, the authors relate the r coordinate to the angle 6 using a square cookie-cutter
function sign|cos(n(6 — ¢g)/2)] to obtain equation 2.3, which establishes the deviation of any
polygon to its angle theta and the computed radius r¢(#). In this method, By, f1, 52, and 33
are parameters that require fitting using the Least Square Estimation, ¢ is a phase variable
determined by the used polygon and its orientation, and € is the parameter including all

non-modeled geometric deviations and random measurement errors.

f(0,70(0)) = By + Prcos(20) + Basign[cos(n(0 — ¢o)/2)] + Bzcos(nb) + € (2.3)

This equation showed promise in modeling the in-plane deviations of squares fairly well but
struggled with pentagons and dode agons. The model was able to fit the pentagons better but
still failed to fit the dodecagon when using an alternative cookie-cutter function [111,112].
Huang et al. later propose an optimal compensation methodology based on a previously
determined deviation model. The authors affirm that negating the measured or computed

deviation at a particular position is not optimal unless the deviation is uniform across the
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surface of the 3D printed part. In reality, the compensation needs to follow equation 2.4,
where z*(#) is the optimal compensation amount, g(#,7¢(#)) is the deviation model presented
by Huang et al. and ¢'(6,r¢(6) its derivative. By applying this compensation methodology to
a 1" cylinder printed using an SLA 3D printer, the mean error was reduced from —5x 1073 to
9x 10~ 4, and the standard deviation of the error was reduced from 4 x 1073 to 4 x 1074 [113].

g<97 TO(Q»

0 =17 7(0,70(0)

(2.4)
Luan and Huang then propose a new method to compute the deviation model for freeform
2D shapes, utilizing Circular Approximation with Selective Cornering (CASC) instead of
the previously presented method, which used Polygon Approximation with Local Compen-
sation (PALC). This new method to approximate in-plane deviations of a freeform 2D shape
is generalized and can be applied from cylinders to freeform shapes. It could also predict
deviations of new shapes using a limited number of tested shapes. The authors also deter-
mine the optimal compensation and apply it to obtain a reduction of 40% and 49% of the
absolute average deviation of a convex and a concave shape [114]. Cheng et al. propose a
schema to model the deviations of an FFF 3D-printed part using the mathematical definition
of the shape and a printer process parameter as input. Indeed, the authors affirm that the
effect of process parameters on the geometrical accuracy of printed parts is usually non-linear
and non-uniform in different parts of the geometry and propose using Gaussian Process Ker-
nel Smoothing (GPKS). A compensation model is also proposed and compared to the other
methods presented in the literature to demonstrate that their method’s performance was on

par or better than the other proposed methods [115].

The Shape Deviation Generator is a convolution framework presented by Huang et al. to
integrate the layer-by-layer fabrication mode typical of 3D printers to build a deviation model
adapted for 3D shapes. Indeed, as layers are deposited onto previous layers, they heat and
cool each other, causing shrinkage and dilatation that depend on the geometry of the last
and current layers. This convolution framework should also facilitate learning and prediction
of 3D printing accuracy by enabling machine learning for AM. For example, the authors
propose a dome approximated by a series of cylinders, or disks, with heights equal to the
printer’s layer height and varying radii. The deviation model f(z) of each disk is known
via equation 2.3 presented in a previous study, and interlayer interactions are determined by
identifying and learning a transfer function g(x) presented in equation 2.5. In that equation,
y(x) is the shape deviation, x is the parameter describing the shape deviation, and € is the

model error term [116].



27

y(z) = (fxg)(x) + € (2.5)

Jin et al. propose a prescriptive approach to predict out-of-plane deviations, not perpendic-
ular to the build direction, in SLA 3D printed parts. The authors first determine that while
in-plane deviations exhibit repeatable patterns of deviations for cylinders of various radii,
out-of-plane deviations vary with part size. By utilizing the equivalence of effect approach
proposed by Wang and Huang, which states that multiple factors have the potential to pro-
duce identical results [117], the authors present a new deviation model to account for the
complicated interlayer interactions and the accumulation of errors that are proportional to
the size of the part and hence the number of layers required to build the part. The authors
also create a compensation model and demonstrate a reduction of 58% for a vertical irregular

polygonal and 37% for a vertical freeform shape [118].

Afazov et al. propose another method to improve the geometric accuracy of 3D printed parts
using the deviation data directly to update the coordinates of the reference surface mesh.
By measuring the 3D printed part using a structured light 3D scanner, the authors can
obtain a high-density point cloud of the deviated printed part. Using a signed point-to-plane
distance metric, they compute the deviation vector field between the reference surface mesh
and the scanned data surface mesh. To do so, they determine to which triangle AABC,
from the scanned surface mesh point, point P, from the reference surface mesh, relates
to and find the closest point O inside triangle AABC', see figure 2.12. The distance d,,
represents the deviation, and applying the same deviation to the reference point P will output
a compensated point P’. The authors experimentally demonstrate that approximately 75%
of deviations on a generic shape can be eliminated and that the process can be repeated to

improve the final result [119].
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Figure 2.12 Schematic description of the compensation process proposed by Afazov et al.
[Afazov et al., 2017]

Decker et al. present a methodology for predicting deviations on FFF 3D printed parts using
a random forest method based on the triangular mesh shape data. This supervised ensemble
machine learning method uses several regression trees to output the mean prediction of the
individual trees. The authors claim that the benefit of using the random forest is that
inputting dissimilar data, as in the triangular mesh coordinates of different shapes, can be
accommodated by individual trees and ensure the model is generalizable. In training, the
authors try different numbers of trees in the ensemble and determine the optimal number of
trees in terms of performance. The result of the compensation based on the inverse of the
predicted deviations is a 50% reduction in the Root Mean Square of the vertex error for a

shape the model has not trained on [120].

Zhao et al. introduce a neural network-based methodology to predict deviations based on
the point cloud of the nominal geometry. This methodology uses 3 set abstraction levels and
three interpolation layers before an MLP, shown in figure 2.13 to determine the deviation
for each point in the point cloud. This deviation is then added to the nominal point cloud
coordinates to form the predicted deviation point cloud. The average error of the trained
model is 0.037 mm for the test dataset [121].
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Figure 2.13 The architecture of the proposed neural network in Zhao et al. [Zhao et al.,
2022]. ©2022 IEEE

Wang et al. put forward a formalized mathematical decomposition of the fabrication of non-
smooth 3D printed parts into two steps. First, additively build the smooth base shapes, i.e.,
domes or cylinders, then subtractively remove extra material to obtain the non-smooth edges
and corners. The general formulation of such a model is shown in equation 2.6, where y is
the predicted deviation, x; are location-dependent covariates, p; are the process parameters
covariates and s; represent the shape-dependent covariates. The mean pattern of the shape
deviation is represented by pu, 1 is a zero-mean random field capturing the spatial correlation,

and € is the measurement error.

y(z4, 85, p5) = (@i, s5,05) + (24,85, p5) + € (2.6)

The authors also demonstrate that the additive and subtractive steps are critical to accurately
predict deviations of 3D geometry with sharp edges without first projecting them to 2D
approximations. They also note that the geodesic distance between two points provides a

better metric to determine the spatial correlation of two points on a surface mesh [122].
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CHAPTER 3 OBJECTIVES AND RATIONALE

3.1 Objectives

This thesis presents a comprehensive investigation to develop a methodology to enhance the
geometric accuracy of desktop FFF 3D printers. By harnessing the high-density and high-
accuracy measurements obtained from structured light 3D scanners applied to actual 3D
printed parts, we seek to refine our understanding of geometric discrepancies produced by
desktop FFF 3D printers and ultimately improve the reliability of the printing process. To

accomplish this objective, three sub-objectives were determined.

o Determine how to affect the 3D printing process with the goal of reducing geometric

deviations based on 3D deviation values measured on the surface of the entire geometry.

e Determine how to interpret structured light 3D scan data in order to obtain the optimal

deviation value that can be acted on.

o Create a model that can extract the optimal deviation values using as little data as

possible.

The main objective, supported by sub-objectives, is propelled by two main opportunities.
First, advancements in 3D scanning technology and a growing interest in utilizing 3D metrol-
ogy for inspecting and qualifying manufactured parts. Model-based definition and inspection,
often considered a necessary part of Industry 4.0, can fully leverage 3D scan data as a mea-
surement input and create digital twins for all necessary simulations and evaluations. While
the industry seems to be going further in using 3D scanning as a metrological tool, section 2.2
of the literature review shows the sparsity on best interpreting 3D scan data for particular

applications.

Second, there have been many improvements in the quality and reliability of 3D printers and
an increasing interest in employing these machines to fortify supply chains across various
industries worldwide. Section 2.4 shows that very little work is available in the scientific
literature on improving geometric accuracy in a closed loop form, or at the very least in
an iterative improvement method. The few works that are available in this field either lack

generalizability or interpretation of input data.
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3.2 Research Questions and Hypothesis

Like a study’s blueprint, the research design guides the entire process from data collection
to analysis. It plays a pivotal role in ensuring that the research questions are addressed sys-
tematically and that the findings are valid and reliable. This study’s main research question
was how to improve the geometric accuracy of desktop-sized FFF 3D printers. Based on
anecdotal knowledge, we know that compensating the nominal geometry by the inverse of
measured deviations can improve the geometric accuracy of subsequent 3D printed parts.
This poses a second question: How can we determine if measured deviations are a reliable
source of information to determine the systematic component of the deviations caused by the

3D printing process?

To answer this question, a hypothesis is posed that will allow us to proceed with the research
and hopefully demonstrate its validity. Assuming the printing process and the measurement
of the part remain unchanged, the deviation field of any 3D printed part should comprise two
components: one systematic and the other random. The systematic component is repeated
in all 3D printed parts, and applying its inverse to the nominal geometry would eliminate
it. Meanwhile, random errors are unpredictable and can only be reduced by improving the
printing process. This hypothesis requires the 3D printing process to remain unchanged,
meaning it is valid only for a single printer, a single set of printing parameters, and a single
material. The Measurement of 3D printed parts should also be consistent, as the measurand

should not introduce non-negligible noise in the measurement data.
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3D PRINTED PARTS USING 3DMETROLOGY FEEDBACK AND MESH
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Authors Moustapha Jadayel, Farbod Khameneifar
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Abstract Additive manufacturing (AM), also known as 3D printing, has gained signifi-
cant interest due to the freedom it offers in creating complex-shaped and highly customized
parts with little lead time. However, a current challenge of AM is the lack of geometric
accuracy of fabricated parts. To improve the geometric accuracy of 3D printed parts, this
paper presents a three-dimensional geometric compensation method that allows for elimi-
nating systematic deviations by morphing the original surface mesh model of the part by
the inverse of the systematic deviations. These systematic deviations are measured by 3D
scanning multiple sacrificial printed parts and computing an average deviation vector field
throughout the model. We demonstrate the necessity to filter out the random deviations
from the measurement data used for compensation. Case studies demonstrate that printing
the compensated mesh model based on the average deviation of five sacrificial parts produces
a part with deviations about three times smaller than measured on the uncompensated parts.
The deviation values of this compensated part based on the average deviation vector field are
less than half of the deviation values of the compensated part based on only one sacrificial

part.

4.1 Introduction

Additive Manufacturing (AM) is known for its many advantages in design and manufactur-
ing [123] and its importance has been growing steadily for the last three decades now [124].
However, like any other manufacturing process, the parts produced by AM deviate from their
nominal designed geometry. Some industries call for tighter tolerances and more accurately
produced parts to ensure top quality and superior performance. Normally, 3D printing these
parts necessitates expensive 3D printers, as the lower cost machines will be unreliable [125].
In this case, the compensation to improve the geometric accuracy of the final part provides

a very interesting opportunity by allowing the use of less expensive machines, one to two
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orders of magnitude cheaper, to produce sufficiently accurate parts.

It is also clear that the 3D printing community was instrumental in filling the gaps of manu-
facturing cycles of Personal Protective Equipment (PPE) at the beginning of the COVID-19
pandemic [126,127]. As most machines in this community are of lesser quality and are not
professionally maintained and calibrated, the geometric accuracy of printed parts is low.
Having an automated and inexpensive way to improve the quality of these parts would be

essential in the future to rely on this community in case of emergency.

Bochmann et al. [15] named several sources for the geometrical inaccuracies of the AM pro-
cesses, including the mathematical errors in the conversion from a 3D model into a surface
mesh by the 3D modelling software, the process errors, which includes the deviations due to
the positioning inaccuracy of the machine and deformations induced by the layering of the
part (i.e., the staircase effect), and the material-related deformations due to the character-
istics of the materials used, such as shrinkage or warping. Some of the most common 3D
printing technologies are Fused Deposition Modelling (FDM) (also known as Fused Filament
Fabrication (FFF)), Stereolithography (SLA), Selective Laser Sintering (SLS), and Multi Jet
Fusion (MJF) [128]. The FDM, SLS, and MJF processes require the printing material to be
heated close to the fusion temperature for consolidation into a desired geometry, and, simi-
larly, the SLA process requires a laser to polymerize and solidify liquid resin to obtain a solid
part [129]. These changes in the state of matter (i.e., solid to semi-liquid to solid, and liq-
uid to solid) result in material shrinkage [130-132] that reduces the geometric accuracy of
the finished part and causes residual stresses to accumulate in the part, which can lead to

warpage [133].

Researchers have proposed different error compensation approaches to improve the geometric
accuracy of AM parts, mainly using a predictive model. Tong et al. [134] proposed a method
inspired by the techniques used for machine tools to reduce geometric errors, by creating
a parametric error model of the volumetric errors of the machine and compensating the
machine’s movement accordingly. The error model was obtained based on the measurement of
a printed artifact. The machine used in their paper is an SLA 3D printer and the measurement
of the artifact’s deviation is done using a contact probe on a Coordinate Measuring Machine
(CMM). They initially used a 2D artifact. Then, they extended their previous work by
using specially designed 3D artifacts and measuring them by CMM to obtain the parametric
error model in 3D [105]. The inverse of this error model was then applied to the STL
model and later also to the slice files [135] for compensation. Lyu and Manoochehri [136]
proposed a parametric error model of the FDM machine augmented by including the effects

of interactions between the printing temperature, infill density, and layer thickness. Their
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error model was obtained based on the CMM measurement of a printed artifact. By using a
CMM, the inspection and compensation rely on the limited number of measurements possible
to take.

Huang et al. [111,113,137] proposed a series of statistical error models to predict the in-plane
shrinkage and out-of-plane deviation of the printed part. Later, they proposed a convolution
model to describe more accurately the deformation of 3D printed parts by processing the
3D model layer by layer and including the effect of layers on previously printed layers [116].
Machine learning can be used on the convolution framework to learn on simulation results and
compare them with real-life examples to improve the predictions made by the convolution
model. Chowdhury et al. [101] presented an Artificial Neural Network (ANN) to predict
deviations and compensate the original CAD model of the part by applying the negative
values of the predicted deviations. Their ANN model is trained on deviated models simulated
by Finite Element Analysis (FEA) of thermal deviation and strain deformation on the part.
This method would not take into account the machine errors, as it compensates only for the
thermal deformations. McConaha and Anand [138] implemented the geometry compensation
based on scan data of a sacrificial part using a modified version of the developed neural
network of [101]. They used a non-rigid variant of the iterative closest point (ICP) algorithm
for the registration of scan data and the nominal geometry. Xu et al. [139] proposed a
compensation framework in which the nominal model is fabricated and scanned along with
some offset models to interpolate the right amount of compensation to apply to each point
of the model. This method assumes that the needed compensation is inside the offset values.
They used physical markers to help the registration and correlation of the 3D scan data to
the reference geometry. Afazov et al. [119] presented an error compensation method that pre-
distorts the nominal surface mesh based on 3D scan data. They proposed that an initial part
should be printed based on the nominal geometry, and then scanned and inspected for the
specified tolerances. If the deviations of the part are out of tolerance, then the coordinates
of the reference surface mesh are updated using distortion inversion. The updated mesh is
then used to print the next part. The mesh morphing approach used in our paper is the same
general model that was used in theirs. However, their compensation is based on the deviation

data of only one part without differentiating the systematic and random deviations.

There is an important gap in the literature of CAD compensation for improving the geometric
accuracy of 3D printed parts. The existing works that use the 3D scan data for CAD
compensation employ the data from a single part and perform the compensation based on all
the deviations measured on that part. When the scan data of a printed part is used to perform
compensation, it should be noted that the deviation measured from each part consists of

systematic and random portions of manufacturing error. Therefore, it is essential to separate
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the systematic deviation from random deviations, otherwise, as random deviations are non-
repetitive, including them in the compensation will lead to introducing more deviations in

the compensated part.

The original contribution of the method presented in this paper lies in the differentiation
between the systematic and random deviations and their application on a compensated part.
The presented method uses multiple parts and calculates an average deviation vector field
over the original CAD model. Smoothing is also applied over the deviations measured from
the scan of each part to eliminate the high-frequency noise and reduce the adverse effects
of random errors compared to systematic deviations. We demonstrate the proposed com-
pensation scheme on the Fused Filament Fabrication (FFF) process, but the method can be
equally used for improving the geometric accuracy of the parts manufactured by any other

additive manufacturing process.

4.2 Proposed Method

Figure 4.1 presents an overview of the proposed method. First, the part is printed N times
with the same material and process parameters. Each printed part is then scanned using
an optical 3D scanner to capture its 3D shape with a sufficiently high degree of accuracy.
In the next step, each scan is aligned with the CAD model of the part and the deviation of
each part from its nominal geometry is measured by comparing the scan data and the CAD
model. Thanks to the Laplacian smoothing, we can denoise the acquired deviation vector
field. Next, the mean deviation vector field is computed based on the N denoised deviation
vector fields of the N printed parts. The CAD model geometry is then modified by morphing
based on the mean deviation vector field. The morphing locally moves the CAD geometry
to the opposite direction of the measurement data to compensate for the systematic errors
on the printed part. Finally, the modified CAD is used to print a new part with the same
material and process parameters used for the previous N parts. In this work, we chose to

print and measure five initial parts (i.e., N = 5).

In the following subsections, we describe each component of the proposed approach in detail,

and in the same order that they are to be executed.

4.2.1 Printing Sacrificial Parts Based on the Original CAD Model

The first step is to print the part N times with the same material and process parameters.
Each of the printed parts has some systematic errors on it and some random errors. The rea-

son for printing these multiple parts is to capture, in the next steps, the map of systematic
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Figure 4.1 Outline of the proposed 3D compensation.

errors on the same part being printed with the same material and process parameters. The
more parts that are printed and analyzed, the more reliable would be the acquired map of
systematic errors because, with more parts, the effect of individual random errors on the
mean is lower. However, there is a trade-off between cost and accuracy. Printing many
sacrificial parts can be costly, while the estimate of the systematic errors based on them will
be more accurate. In this work, we print five parts, as it appears to be an optimal number

considering the cost and accuracy according to our experiments.

To print the part, its 3D CAD model in any CAD/CAM software is exported in Standard
Tessellation Language (STL) file format [140]. This file format is used to enable direct
manipulation of the data that the slicer, the 3D printing software, will use. The CAD model
in the STL format is the CAD surface geometry tessellated into triangles, described by the
unit normal vector and vertices of the triangles. The CAD/CAM software (e.g., CATIA)
allows the user to set a resolution for the resulting triangular mesh when exporting the
model in STL format. The use of a finer mesh reduces the approximation errors of the model
and makes the morphing as local as possible later on. However, the ability to handle very

high-resolution mesh depends on the computing power available to the user.

4.2.2 Part Inspection

Once each part is printed, it has to be inspected first by comparison against the original CAD

model to recognize any deviations on the part. To ensure a complete inspection throughout



37

the part, we should capture high-density surface measurement data. To this end, the part
is digitized using an optical 3D scanner. An optical 3D scanner was deemed the more
appropriate solution as it is easier to obtain accurate and repeatable results. The scanned

data are collected as a point cloud.

Registration and Deviation Measurement

The point cloud data from 3D scanning and the CAD model are not originally located in the
same coordinate frame. To be able to compare the scanned data and the CAD model, they
must be brought to a common coordinate frame via a registration (aka alignment) algorithm.
Therefore, accurate registration of the scanned data and the CAD model is a critical step
to ensure a reliable geometric deviation measurement. We use the Iterative Closest Point
(ICP) algorithm [141] for registration, which is one of the most popular registration methods.
The ICP algorithm consists of the following four steps:

1. For each point of the scan data, find the closest vertex on the tesselated representation

of the CAD model as its corresponding point.

2. Find the rigid body transformation (translation and rotation) that minimizes the mean

of squared distances between the corresponding pairs of scan point and CAD vertex.
3. Apply the transformation of Step 2 to the scan data.

4. If the change in the mean of squared distances between the scan points and CAD

vertices falls below a pre-specified threshold, stop. Otherwise, iterate from 1.

Once the scan data and the CAD model are properly aligned, for each vertex of the tesse-
lated representation of the CAD model, we find the closest point of the scan data. Then,
we compute the vector vf, ., from the CAD vertex to its corresponding closest point of the
scan. The deviation vectors from CAD to scan at all the vertices of the CAD mesh form the

deviation vector field v f,,.

4.2.3 Random Error Reduction Strategies

The deviation vector field obtained by comparing the scanned data of a printed part to the
CAD geometry will have two types of deviations: systematic deviations, which are repeatable
and can be detected on multiple parts printed by the same machine with the same parameters,
and random deviations, which are also present in every single part, but are different on each
one of them [142].
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The random errors are from both the manufacturing process and the 3D scanning process
itself [143]. It matters little to differentiate between the two sources, but it is important to
make sure that the compensation that is applied to the CAD geometry is based on actual
systematic deviations and not on random noise. To do so, two tools are applied to reduce
the adverse effects of noise and random variations in the data: (1) smoothing (denoising) the
deviation vector field acquired from the scan data of each single part, and (2) averaging the

deviation vector fields of multiple parts.

Smoothing

High-frequency noise is initially present in the scan data. Smoothing the vector field v f., can
reduce the noise that would be transferred to the compensated part. The noise attenuation is
performed through a diffusion process. Laplacian smoothing is applied, which is considered
as the time integration of the heat equation on a mesh [144]. It is then possible to solve
the discrete heat diffusion equation on the CAD model’s mesh to smooth the vector field
v fer [145]. The solution of this equation is a new vector field v fe, ,,11 that is smoother than
the previous vector field vfe, . Equation (4.1) is then solved iteratively from m = 1 to
m = 10, where vf,,; is the original vector field of deviations before smoothing. A = 0.05
is used and L is the discrete cotangent Laplace-Beltrami operator as described by Bunge et
al. [146]:

VUfermir = (L + AL)U ferm (4.1)

Averaging the Deviation Vector Fields

Once each deviation vector field of the five scans is smoothed (denoised), an average vector
field v foy.er is computed from the smoothed vector fields to extract the systematic deviations.
To do so, deviation vectors measured at every vertex of the tesselated representation of the
CAD model from the five scans are averaged. The average vector at each vertex is calculated
component-wise. In other words, the mean of five values for each one of the three coordinates
X, Y, Z is calculated as the coordinate of the average deviation vector. The average vectors

at all the vertices form the average deviation vector field v f, e
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4.2.4 Morphing

The morphing procedure is performed on a copy of the CAD model surface mesh. Equa-

tion (4.2) shows the mathematical representation of the morphing:

VNEWmesh - VCADmesh - Ufzw,er (42)

VnewmesH is the compensated CAD mesh, Veapargsy is the original CAD mesh, and v fo, ¢

is the average deviation vector field.

In essence, we move the CAD surface mesh inward where the systematic deviations bring the
printed part’s surface outside the nominal, and we move it outward where the part’s surface

is inside the nominal, with the exception of the following:

o The algorithm does not move the points of the bottom surface, in order to allow a good

printing surface. Their position remains the same as it was before the compensation.

o The algorithm eliminates the deviations on the mesh that are bigger than a realistic
predetermined range. This range is fixed at 500 wm as the range of deviations for FDM

3D printers is usually smaller. [31]

The final surface mesh obtained after compensation can then be sliced using the same pa-

rameters and printed using the same printer with the same material.

4.3 Results and Discussion

4.3.1 Experimental Setup

To verify the effectiveness of the proposed method, we printed a test part of the National
Institute of Standards and Technology (NIST) five times using an Ultimaker 3 (Ultimaker,
Geldermalsen, Netherlands) 3D printer (Figure 4.2) with white 2.75 mm PLA filament from
Ultimaker. The adopted part is CTC 5 [147], shown in Figure 4.3. The part was scaled
uniformly to a reasonable size to print. The outside dimensions of the part are 75.00 x
79.52 x 70.47 mm. CATTA allows the export of the part’s CAD model in the STL file format
by imposing a step (i.e., maximum edge length) and a maximum chord deviation. In this
work, the step was set at 0.5 mm and the maximum chord deviation at 0.001 mm. This
allowed to minimize the deviation between the STL and the original CAD model and make
it negligible in our experiment [148]. The exported STL model was sliced using Ultimaker
Cura with the fast default profile and the layer height set to 0.04 mm. With the negligible
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part file errors, the deviations of the printed part are mostly due to the machine’s imprecision
and the material shrinkage. Table 4.1 presents the process parameters used for printing the

original and compensated parts.

Figure 4.2 Ultimaker 3, 3D printing the part in PLA.
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Figure 4.3 NIST CTC 5 CAD model.

Table 4.1 Printing parameters for the original and compensated parts.

Printing temperature 215 °C

Printing speed 70 mm/s
Cooling 100%
Support None
Infill type Triangles
Infill density 10%
Plate adhesion None
Layer height 0.04 mm
Nozzle diameter 0.4 mm

Each printed part was visually inspected first to make sure that no burrs, stray filaments,
or major defects were present and then scanned using an ATOS Core 200 (GOM, Braun-
schweig, Germany) 3D scanner (Figure 4.4). The scan data are then exported from GOM
Scan (the scanner’s data acquisition software). The resulting scan data are made of about
300,000 points at a density of 28%. The scanner is able to detect every detail on the
surface of the part, even the track of the printer’s nozzle (Figure 4.5). However, the holes on

the sides and the bottom are harder to scan. A study of the 3D scanner’s accuracy in [149]
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demonstrated an accuracy of 10 um in length measurement and, more interestingly for us, 2

um in the probing error of form measurement.

The proposed algorithm is coded in Python 3.6. External libraries, namely the Trimesh [150]
for mesh processing, and the Libigl python bindings [151] for the quick computing of the

distances are used.

Figure 4.4 3D scanning setup with ATOS Core.

Figure 4.5 Scan data of the printed part.
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4.3.2 Comparative Analysis

The comparison between the scan data of each printed part and the original CAD model yields
the geometric deviation of the part. The colormaps of the deviations of the five printed parts
(A-E) with respect to the original CAD model is presented in Figure 4.6. The deviation
values on the colormaps represent the signed Euclidian distance of the deviation vectors.
The sign of these values represents the direction of the deviation; A negative value means

the deviation vector points opposite to the CAD surface’s normal vector and vice-versa.



Figure 4.6 Deviation colormaps
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The results of Sections 4.3.2 and 4.3.2 validate the proposed compensation approach using
the average deviation obtained from five parts and compare it to the compensation based on
only one part. To this end, two compensated parts are obtained and compared. The first
one only uses the deviation vector field of Part B for its compensation. The deviation vector
field obtained from the scan was smoothed by the presented Laplacian smoothing before the
morphing. The selection of which part to use for the compensation was random so as to not
affect the result. The second one uses the average of all of the five parts’ deviation vector

fields as proposed in this paper.

Deviation Analysis

Part B, the part based on which the first compensated part was obtained, chosen randomly,
can be seen in Figure 4.6. It has an average absolute error of 53 pm and a standard deviation
of 60 um. The 99th percentile of the absolute errors is at 318 um. There is a clear deviation
on the cylinders and other round features. There are some random deformations that are
not repeated in other colormaps of Figure 4.6 (e.g., the yellow patch near the bottom of
cylinder A, see figure 4.11). The compensated part based on these deviations is displayed in
Figure 4.7.
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Figure 4.7 Deviation colormap of the compensated part based on part B, range is in um.

The average absolute error of this compensated part is 52 pm and the standard deviation is

48 um. The 99th percentile is at 221 um. Compared to Part B, the average absolute error
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of the compensated part shows no improvement, but the standard deviation and the 99th

percentile show an improvement of 20% and 31%, respectively.

Table 4.2 presents the values of the average of absolute errors, standard deviation, and the
99th percentile of absolute errors for each of the five initial parts and the two compensated
parts. The average absolute error of all the five original parts (of Figure 4.6) combined is 51
um with a standard deviation of 57 um. The average 99th percentile is at 311 um. It can
be observed in Figure 4.6 that the deformation on the cylinders is present in every colormap,
with a slight difference between them. It is then clear that there is a systematic deviation
there that should be eliminated. The average deviation colormap and the standard deviation
colormap are displayed in Figures 4.8 and 4.9. The average colormap shows deformation
patterns similar to the ones on each individual part of Figure 4.6. The low values on the
standard deviation colormap confirm that the manufacturing process typically causes similar

deviations in the same regions of the part.

Table 4.2 Average of absolute errors, standard deviation, and 99th percentile of absolute
errors of the original five parts (A-E) and the two compensated parts.

Average of Standard 99th Percentile of
Absolute Errors Deviation Absolute Errors
(1um) (um) (nm)
Compensated part based
on the average deviation of 5 parts 23 20 o8
Compensated part based
on deviation of part B 52 48 221
Part A 52 62 330
Part B 53 60 318
Part C 51 57 309
Part D 49 54 288

Part E 48 o4 309




47

Side 1 Side 2

N
300
225
150
75
0
~75
-150
-225
-300
|

Figure 4.8 Average deviation colormap of the five original printed parts, range is in um.
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Figure 4.9 Standard deviation colormap of the five original printed parts, range is in pm.
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The compensated part based on the average of the five original parts is presented in Fig-
ure 4.10. It is clear that the cylinders show no deviations like the original parts and the
deviations are smaller on the horizontal surfaces. The average absolute error of the compen-
sated part is 23 um and the standard deviation is 20 um. The 99th percentile is at 98 pm.
These are an improvement of 55%, 65%, and 68%, respectively.

Random deviations are still clearly visible on the compensated part. These are, in part,
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from the manufacturing of the compensated part and the measurement, but also from the
random deviations that are non-negligible in the average deviation vector field and are in-

cluded in the compensation.
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Figure 4.10 Deviation colormap of the compensated part based on the average of five parts,
range is in pm.

Tolerance Analysis

A Geometric Dimensioning and Tolerancing (GD&T) analysis is also performed, using GOM
Inspect software, on each printed part. GD&T requirements are often used to increase the
interchangeability of manufactured parts by ensuring the tolerance is sufficiently tight for
specific engineering intents while allowing for variations in other directions. The tolerance
features can be identified in the drawing of Figure 4.11. The tolerances are not the ones
originally defined on NIST CTC 5 part. We have specified these tolerances merely for the
sake of case studies of this paper. The standard used for tolerancing is the ASME Y14.5
2018 [152]. As it can be seen in Figure 4.11, the cylindricity tolerance is defined for cylinder
A the position tolerance is specified for the centroid of the 10 holes on the bottom surface,
named as element group B, and the angularity tolerance is defined for plane C with respect

to plane D as datum.
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Figure 4.11 Drawing of the part with the toleranced features to inspect. Unless otherwise
specified, dimensions are in mm.

Table 4.3 presents the specified tolerance values for each of these tolerances and the cor-
responding deviation values obtained from the scan of each of the printed parts, namely,

the initial five parts (A-E) and the two compensated parts.
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Table 4.3 The values of the specified tolerances on the part, and the corresponding deviation
values obtained from the scans for each of the five initial parts, the compensated part based
on part B, and the compensated part based on the average of five parts. The values are in

wm.

Element Cylinder A Element group B Plane C
Datum Plane D
Property Cylindricity Position Angularity
Tolerance 150 200 100
Deviation of Compgn@ted part based 125 179 08
on the average deviation of five parts

Deviation of Compensated part based 165 194 156
on part B

Deviation of part A 285 499 108
Deviation of part B 282 455 103
Deviation of part C 244 499 117
Deviation of part D 179 502 125
Deviation of part E 273 471 122

It can be seen in Table 4.3 that the five original parts (A-E) are out of tolerance for all
three features. The compensated part based on part B is out-of-tolerance for two tolerances.
Cylinder A is out of tolerance because the compensation included a random deviation from
part B. The yellow patch mentioned earlier in Figure 4.6 was compensated; its inverse, a blue
patch, is visible in Figure 4.7. This patch, as it is not a high-frequency error, was not filtered

by the Laplacian smoothing.

Finally, it can be seen in Table 4.3 that the compensated part based on the average deviation
of the five original parts is in-tolerance for all inspected features. The compensation is clearly
effective in removing deviations on cylindrical shapes. The reduction in cylindricity deviation,
compared to the average of the five original parts is 51% for cylinder A. The position deviation

of holes B is reduced by 61% and the angular deviation for plane C is reduced by 15%.

4.4 Conclusions

The proposed method of surface mesh compensation based on 3D metrology feedback adjusts
the CAD model to oppose systematic deviations. The main sources of these deviations
are material shrinkage and residual stress-induced deformations, as well as the positioning
errors of the machine. We proposed the compensation based on the average deviation vector
field obtained from the scans of multiple printed parts to ensure that the compensation is

performed only for the repeated systematic deviations and not the random deviations of a
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single part. The use of an optical 3D scanner allows for quick digitization of the printed parts.
Local deviations can be easily measured since a high-density point cloud is obtained through
optical 3D scanning. The presented Laplacian smoothing can filter out the high-frequency

noise of the scans.

The case study results confirm that random deviations have an adverse impact on the compen-
sation outcome if not mitigated by compensating based on the average deviation of multiple
parts. The compensation based on the deviation of only one part shows a lower capacity to
reduce deviations as the improvement of geometrical accuracy was only 31%. This was not

enough to bring the deviations of the compensated part within all specified tolerances.

The proposed approach of compensation based on the average of five parts is able to improve
geometrical accuracy by 68% based on the 99th percentile of absolute deviations. The pro-
posed compensation based on the average of five parts could successfully bring the deviations

of the compensated part within the specified tolerance values.
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Abstract As Additive Manufacturing (AM) transitions from prototyping to full-scale pro-
duction, addressing its inherent geometric accuracy issues becomes critical. In this study,
we propose a novel approach to enhance the geometric accuracy of 3D printed parts of the
Fused Filament Fabrication (FFF) process. By employing a trained Convolutional Neural
Network (CNN), we generate a systematic deviation scalar field based on the scan data of a
sacrificial 3D printed part obtained by a structured light 3D scanner. We demonstrate that
the original geometry compensated by the inverse of the systematic scalar field generated
by the compensation CNN produces part with a reduction of 88.5% mean absolute geomet-
ric deviations. Our results suggest that this technique can improve the overall quality of

AM-produced parts and support their broader adoption in industrial applications.

5.1 Introduction

Fused Filament Fabrication (FFF), often referred toq as Fused Deposition Modeling (FDM),
involves the layer-by-layer extrusion of thermoplastic filament to create three-dimensional ob-
jects [153], making it an easily adoptable and accessible form of additive manufacturing. An
evident advantage of the FFF process lies in its capacity to generate intricate geometries with
printed support structures, eliminating the necessity for individual setups for each unique
part. Such attributes render FFF particularly suitable for rapid prototyping or small-scale
production scenarios where geometric accuracy is not the primary concern, and lead time is
paramount [154]. Lately, FFF has increasingly found applications in larger-scale manufac-
turing environments. The accessibility and adaptability of AM machines have transformed
them into indispensable tools within factory settings, where their capacity to produce intri-
cate geometries on-demand is invaluable [155,156]. This evolution reflects the shifting role
of FFF and analogous AM techniques from temporary prototyping solutions to permanent
components within the manufacturing landscape, offering novel avenues for innovation and

efficiency.
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To support this evolution, researchers have investigated the geometric accuracy of additively
manufactured parts to assess the reliability of AM machines in producing geometrically cor-
rect parts. Additionally, efforts are underway to develop methodologies to improve the ge-
ometric accuracy of 3D-printed parts, enhancing FFF technology’s overall capabilities and

applicability. The following sections will review related works in this area.

5.1.1 Dynamic Process Parameter Adjustments

One method to indirectly improve the geometric accuracy of a 3D printed part is by dynam-
ically adjusting the 3D printing process parameters, such as the deposition rate, movement
speed, and nozzle temperature, in a closed feedback loop. By improving the stability of
process parameters, the resulting printed part should remain close to its specified geometric
accuracy, thus reducing non-repeatable errors. Dynamic parameter adjustments can addi-
tionally affect the mechanical capabilities of a manufactured part by ensuring that the optimal
printing parameters are consistently maintained, thus resulting in more reliable mechanical
properties. Ye et al. [157] propose a deep forest approach to detect the effects of a process
shift using the 3D scan measurement of a 3D printed part. Tamir et al. [158] use an in-situ
camera to capture the newly printed layer and a combination of Machine Learning (ML) mod-
els and a fuzzy logic controller to adjust four printing parameters to remain at optimal values
for the duration of the printing process. Brion and Pattison [159] demonstrate a multi-head
Neural Network, a neural network with multiple secondary neural networks with different
objectives, able to determine deviations from optimal process parameters by analyzing im-
ages of deposited material in FFF 3D printers. Detecting parameter drift allowed automated
process parameter adjustments to keep the printer working within expected conditions and
improve geometric accuracy. Many other researchers contributed to this field of study by
analyzing different materials [160] or processes [161], by adding new parameters [162] or by

implementing different methodologies to detect process parameter shift [163].

5.1.2 Predictive Geometric Compensation

Another exciting approach investigated by many researchers is to enhance the geometric
accuracy of additively manufactured parts by analyzing and optimizing the 3D model before
printing to identify predictable deviations and modify the print file accordingly, eliminating
any errors or issues affecting the final print’s geometric accuracy. Some researchers have
proposed pre-compensating the 3D model of the desired part by running a Finite Element
Analysis (FEA) of the printing process to predict the deviations caused by thermo-mechanical

deformations caused by the printing process [164]. Chowdhury et al. [101,165] propose to use
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FEA simulations to build a training dataset for an Artificial Neural Network (ANN). The
ANN would be faster and more generalizable to new situations without requiring the valuable
time of experienced personnel to set up and run an FEA simulation. Francis and Brian [166]
have demonstrated a neural network able to predict the distortion of a Laser-Based Additive
Manufacturing machine by measuring the local heat transfer from the Laser to the solidified
part. This Neural network retains a thermal history of the heat distribution and produces
a prediction of deviation due to thermo-mechanical effects. Nath et al. [167] propose a
similar process design optimization framework to optimize the FFF process parameters. The
thermal history obtained from simulation is used to predict the geometrical inaccuracy of the
printed part. The FFF process parameters are then optimized to minimize the inaccuracy

by affecting the thermal history obtained from the simulation.

5.1.3 Retrospective Error Analysis

Another method for enhancing the geometric accuracy of AM machines involves leveraging
the geometric deviations observed in a sacrificial part to inform the fitting of an error model.
Tong et al. [134] propose a parametric error model for the laser focal point positioning in
a StereoLithography Apparatus (SLA) 3D printer. A kinematic path from the origin of
the machine to the laser focal point is created by measuring with a Coordinate Measuring
Machine (CMM) the deviations of a printed part to accumulate the rotational errors of
predecessor axes to the current axis. Running axis errors are repeatable and are only related
to the theoretical position of the laser focal point. In addition, a random error term is added
to the parametric error model, representing the errors due to non-repeatable components.
Parametric error analysis is further explored by Huang et al. [111] who compute a predictive
statistical model best-fitting the deviation of an SLA 3D printed part. The statistical model
is a closed-form equation with three components: the average deviation of the printed part,
the position-dependent deviations, and a high-frequency component added to the main trend.
The authors also present the equation in polar form to clarify the relationship between the
deviated and nominal points, reducing potential confusion. Both researchers aim to build a
model that can fit the deviations produced by a 3D printer. The solution to the equation
allows the authors to modify the CAD model accurately to overcome repeatable errors and

minimize the impact of random errors in their model.

SLA 3D printers are often more accurate than FFF 3D printers [168] and can produce a
more stable and repeatable dataset, ideal for parametric analyses such as those previously
presented. On the other hand, FFF 3D printers have a more complex kinematic system due to

the need to precisely coordinate multiple moving parts and manage filament extrusion, which
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introduces additional variables and potential sources of error and increases the complexity
required for predictive statistical models. Wang et al. [169] produce a statistical prediction
model based on Kriging spatial statistics [109], which is suitable due to the natural spatial
correlations in the extruder positioning error. The prediction model is experimentally tested
by modifying the CAD model by the inverse of the predicted deviation, demonstrating it as
an effective in-plane deviation compensation method. Alternative geometric compensation
schemes are proposed and compared experimentally by Cheng et al. [115], integrating process

parameters into their statistical model to make it more generalizable.

To help determine the optimal compensation equation, an analytical framework is proposed
by Huang [137] using quality measures, such as the Minimum Area Deviation and Mini-
mum Volume Deviation. Then, to improve the geometric accuracy of freeform geometries, a
generic and prescriptive methodology is established by Luan and Huang [170]. A convolu-
tion framework is also developed by Huang et al. [116] to predict 3D shape accuracy. This
convolution model provides a layer-by-layer in-plane prediction of deformation, which can be
used to compensate the initial geometry to eliminate the predicted deviations. Wang et al.
proposed a formalized mathematical decomposition for fabricating non-smooth 3D printed
parts, involving additive building of smooth base shapes followed by subtractive removal of
extra material. Their model accounts for predicted deviations using location-dependent, pro-
cess parameter, and shape-dependent covariates, with a zero-mean random field for spatial

correlation and measurement error [122].

5.1.4 Machine Learning for modeling and improving the geometric accuracy of
AM

Machine learning for AM has been a new trend, and researchers have been applying machine
learning tools to improve AM performance. Wang et al. [171] do so by creating a learning
framework for shape deviation modeling and learning of 3D geometries in AM by decomposing
the AM process in an additive and a subtractive step to unify smooth and non-smooth shapes.
A Bayesian methodology is employed by Sabbaghi et al. [172] to model deviations in a polygon
and straight edges of freeform objects based only on the deviation measured on pentagons
and cylinder, showing the capacity of the author’s model to generalize based on a limited
dataset. Sabbaghi and Huang [173] refined this methodology by developing a new effect

equivalence framework to enable the deviation model to transfer across AM processes.

Tsung et al. [174] explore transfer learning to share domain knowledge and combine multiple
data sources for shape deviation prediction for 3D printed parts. The domain knowledge

sharing would enable statistical models built for a specific geometry or printing process to
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be generalized to other applications. Ferreira et al. [175] present a methodology for building
a predictive shape deviation model for different 3D geometries by implementing a class of
Bayesian Neural Networks to reduce the need for user inputs and efforts. Another Bayesian
methodology is employed by Tao et al. [176] to identify and model anomalies in an unorga-
nized 3D point cloud. This method can also discriminate outliers, allowing for higher accuracy
in acquiring automated measurement data. Huang [177] decomposes the input geometry into
stacks of 2D primitive geometry, which simplifies the printing process and enables them to
establish an impulse response formulation and modeling framework to apply control theory
to AM. Khanzadeh et al. [178] propose to use self-organizing maps on 3D printed parts scan
data to define the geometrical quality of a 3D printed part when a large dataset is obtained
from 3D scanning. Decker et al. [120] propose a data-driven methodology of compensating a
3D printed part to increase the geometric accuracy by training a random forest model [179], a
machine learning algorithm that constructs a multitude of decision trees during training and
outputs the average prediction of the individual trees, and using it to predict the systematic
deviations on a known geometry. An advantage of the proposed methodology in [120] is that

it is not limited to planar deviations and can control all dimensions simultaneously.

Zhu et al. [103] demonstrate that a trained Convolutional Neural Network can reliably predict
layer-by-layer, in-plane and out-of-plane, geometric deviations of simple geometries. The
Convolutional Neural Network presented by the authors enables a user to predict deviation
distribution in three dimensions. Li et al. [180] produce a trained Conditional Adversarial
Network able to predict the out-of-plane geometric inaccuracies of a printed part with the
slice of a CAD model as input. The proposed Conditional Adversarial Network allows the
authors to apply compensation to the CAD model before printing. McGregor et al. [181]
separate the inference of geometric accuracy of 3D printed parts into two algorithms: a
feature detection algorithm to classify the geometry and a shape deviation generator that is
specialized to each type of geometry. The two-algorithm approach limits the scope of the

shape deviation predictor while enabling the algorithm to be broader.

Zhao et al. introduced a neural network-based approach using point cloud data, with 3 set
abstraction levels and three interpolation layers before an MLP, achieving an average error
of 0.037 mm on the test dataset [121].

Some researchers presented in this study reported using Artificial Neural Networks and their
derivatives to solve the complex problem of geometric accuracy improvement of 3D printed
parts. Indeed, Artificial Neural Networks have proven to be a powerful tool for such complex
tasks [182]. For instance, the tasks of image classification [183] and image processing [184] pre-

sented significant challenges, but Convolutional Neural Networks (CNNs) have shown great
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potential and are showing continuously improving results [185]. CNNs make use of spatial
correlations in the input data, usually images or videos, resulting from pixel arrangement
and organization [58] and can detect patterns not necessarily discernible by a human [186].
Because 3D models, surface meshes, or point clouds do not have spatial correlations in their
data structure, other types of ANN were developed to work with them. For example, Point-
Net can classify 3D models in real-time with a novel input format to enable itself to use
the CNN architecture [187]. Many other Neural Networks have been developed for model
segmentation [188,189], object detection [190] and 3D model reconstruction [191].

Based on a review of the current literature, while several techniques have been developed
to assess and improve the geometric accuracy of 3D-printed parts by analyzing deviations
and fitting models to represent systematic deviations caused by the printer, a significant gap
remains unaddressed. Specifically, no methods can produce a representation of systematic
deviations caused by a printer by analyzing the deviation patterns present in the raw deviation
data of a 3D printed part. One proposed approach is to print five sacrificial parts of the same
geometry on the same machine and average their deviation vector field [192]. The average
deviation vector field can then be utilized to compensate the nominal geometry and produce
a part with significantly lower geometric deviations. However, printing multiple sacrificial

parts can be wasteful and expensive in terms of cost and time.

We propose a new ML compensation method to compute the systematic deviation scalar
field from a single sacrificial part to address this issue. Given enough training data, the
proposed method can potentially compute the systematic error of any printed part from any
FFF 3D printer without requiring additional training data. It also significantly reduces the
number of sacrificial parts required after training and simplifies the overall process while
maintaining or improving the quality of the final part. The proposed compensation CNN
also differs from currently available methodologies by eliminating the geometric specificity
inherent in other compensation approaches, which often require expert knowledge to produce
the deviation model for a particular geometry. In addition, by pre-training the model on
a large dataset, the proposed method has the potential to further improve the geometric
accuracy of 3D printed parts by ensuring that the compensation for each point is treated
independently. This approach allows the algorithm to effectively handle varying patterns of
deviation across different sections of a printed part, maintaining high accuracy regardless of

localized differences in the deviation field.



o8

5.2 Proposed Method

The present study follows previous investigations that have demonstrated that morphing the
nominal geometry by the inverse of the systematic deviations measured on sacrificial parts
can enhance the geometric accuracy of subsequent printed parts [192]. However, the authors
note that the raw deviation scalar field obtained from measuring a single sacrificial part
E; comprises two distinct components: systematic deviation Fg and random errors Ery, as
shown in equation 5.1. Although compensating the nominal geometry using both components
of the deviation scalar field might eliminate some of the systematic deviations, it would also
contain random errors, as is shown in equation 5.2. In that equation, Ex and Egrc are the
deviation scalar field and the random errors of the compensated part. The random errors

Ery and Ere are theoretically independent and different in any two printed parts.

To address the accumulation of random errors issue, the authors propose to use the average
deviation scalar field by printing and measuring multiple parts. Theoretically, since the
systematic deviations are repeated in all parts printed in the same machine with the same
printing parameters, the systematic deviations should be represented in the average deviation
scalar field. In contrast, the random errors should be significantly reduced, as they are not

repeated.

The average deviation FE,,. of n parts is computed by equation 5.3 with E; the error of
scanned part 2. The systematic deviation Fg average remains constant, and the averaged
random deviation components Er are added. Equation 5.4 shows the deviation E ... of a
part compensated with the average deviation scalar field. The systematic deviations Eg are
still eliminated. However, the random error component is reduced by a factor %, improving

the geometric accuracy of the compensated part.

Ey = Es+ Fp (5.1)

FEc=FEs+ Epc — F4
Eo = Es+ Eno — (E, + Ep) (5.2)
Ec = +(Erc + Er1)
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However, this approach also has some limitations. For example, it may be difficult or expen-
sive to print and measure multiple parts in some cases, especially when dealing with complex
or large-scale prints. The averaging process can also introduce additional errors or inaccu-
racies if the scan data are not perfectly aligned with the reference geometry represented by

the part’s nominal CAD model.

Due to the additive nature of the 3D printing process, layers at higher Z coordinates are
necessarily printed later than layers with lower Z coordinates, creating a type of repetition
in time and space following the build direction that can be leveraged for analyses. Following
this hypothesis, a systematic deviation related to the extruder’s position would be repeated
from layer to layer. It would only be detectable by comparing the deviation at one point
on a layer to another point on the same layer. In contrast, random errors occur only in
a single layer. They should appear as horizontal streaks on the surface of the 3D printed
part and in the deviation scalar field. See figure 5.1 for an example of a part with random
deviations presenting themselves as horizontal lines. It would then be possible to observe
a neighborhood around a point of interest in a single scan and determine the proportion of
systematic deviation in the measured error. However, the complexity of the scan data, with
its multidimensional nature and unorganized structure, requires extensive data manipulation
and complex methods such as machine learning to accurately define the systematic deviation

scalar fields.



60

Figure 5.1 Random errors on the surface of a cylindrical 3D printed part occurring on a single
layer. They often present themselves as horizontal streaks or bumps on the surface of the
printed part.

We propose an algorithm to accurately identify the systematic deviations from a 3D scanned
model of a single 3D printed part. This algorithm uses a Convolutional Neural Network on
representative arrays of the neighboring deviations for each vertex. By training the com-
pensation CNN on a dataset of scanned 3D printed parts, we aim to learn to compute the
systematic deviation scalar field for a given 3D printed part. The deviation scalar field can
then compensate the nominal 3D model to improve the accuracy of subsequent prints. An
approach based on computing the systematic deviation scalar field would not be limited to

a single geometry or machine but only limited by the breadth of the training dataset.

Our algorithm is divided into two modules: (1) data preprocessing and (2) Compensation
Convolutional Neural Network. The data preprocessing module requires a 3D scanned model
of the printed part and a surface mesh of the reference geometry. The module will produce a
series of arrays that describe, in grid array form, the deviation at and around each vertex of
the reference geometry. The Compensation Convolutional Neural Network module consists
of the compensation CNN, which takes the arrays produced by the first module as inputs and
produces a single value approximating the deviation amplitude at a vertex. This amplitude

is then multiplied by the vertex’s normal vector to create the compensation vector field.

Each algorithm module is discussed further in sections 5.2.1 and 5.2.2, respectively.

5.2.1 Data preprocessing

As discussed above, the unstructured and multidimensional data obtained by 3D scanning a
3D printed part are not conducive to analyses requiring positional information. Preprocessing

the scan data in a generalized manner is necessary to assemble the deviations of a vertex



61

neighborhood in an accessible configuration.

For each vertex v; on the reference geometry’s surface mesh, a planar grid tangent to that
vertex is created. The orientation vector V,,; is initially aligned with the z axis of the reference
geometry. If the angle between the normal vector n,; and the X — Y plane exceeds 45°, V.,
is reoriented towards the centroid of the reference geometry from the vertex’s position. The
perpendicular vector V., is computed by taking the cross product of V,,; and n,; and is
used to align the rows of the grid. Subsequently, the orientation vector V,,; is recomputed
by taking the cross product of V., and n,;, aligning the columns of the grid. Figure 5.2
illustrates three example situations and demonstrates the orientation of the orientation vector

and perpendicular vectors.

Figure 5.2 A) Examples of vectors on the reference geometry’s surface mesh. Red arrows are
the normal vector (n,;) to the vertex of interest, green arrows are the perpendicular vectors
(Uper), and blue arrows are the orientation vectors (v,.;). B) Example of vectors on cylinder.
C) Example on a plane perpendicular to the Z-axis. D) Example on a sloped surface.

The position of the center of each grid cell p,, is defined by equation 5.5 where u and v
are the cell indices in the grid array, shape is the number of cells per row and column, and
D is the size of each grid cell. Parameter D is driven by the point density of the surface
mesh, as it determines the grid’s ability to capture the necessary detail of the surface. Each
cell must contain at least one vertex from the mesh to ensure proper representation. A size
D that is too small would result in insufficient point inclusion per cell, compromising the
grid’s representativeness of the surface. Conversely, a size D that is too large would include

too many points within each cell, reducing the cells’ independence and the grid’s ability to
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accurately reflect local variations in the surface mesh. In contrast, The parameter shape is
driven by the size of the typical part that will be analyzed using the grid arrays. We aim for
the largest possible size to ensure that the CNN has the best receptive field and contextual
information. However, if shape is too large, the grid arrays will contain many empty cells
when analyzing the edges of the surface mesh. Therefore, shape must be carefully chosen to
balance the receptive field and contextual information provided to the CNN with the need
to minimize empty values in the grid arrays. This study defines the parameters shape as 20

cells per row and column and D as 0.2 mm.

-1 —1
Puw = v — VpyD ((u 1) - m‘”’;) — V,uD ((v 1) - Sh@;) (5.5)

Once the grid has been constructed, a ball query is applied to find all vertices of the reference
mesh within a certain radius 7, of each grid cell center p,, using a K-d tree [193], a data
structure used for organizing multidimensional data, facilitating efficient search operations
by partitioning the space into smaller regions. This radius is related to the size D by this
equation: ry,; = V2 % D2. The deviation of each selected vertex is then averaged and stored
in an accompanying array A;. Vertices can be excluded from this average if the angle between
the normal vector n,; and the selected vertex’s normal vector exceeds a threshold value. This
study sets this threshold at 45° as a convenient angle threshold for simplifying computations

while being an effective filter.

This process allows the creation of a set of grid arrays representing the neighborhood devia-
tions of the printed part at each vertex of the reference geometry. The grid arrays A; and the
deviation at vertex v; are then fed to the compensation CNN to determine the systematic
deviation for vertex v;. Figure 5.3 shows examples of this grid applied to different vertices of
a mesh with various geometric features, with the deviation scalar field color-coded to show

the deviation of the printed part from the reference geometry.
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Figure 5.3 llustration of grid arrays presented on a geometry with various geometric features.

5.2.2 Compensation Convolutional Neural Network

In this section, we present the development of a compensation CNN designed to interpret the
deviation scalar represented in the 2D grid arrays prepared in the previous section. These
grid arrays serve as input data, akin to grayscale images with dimensions of 20 x 20 pixels.
Given the small size of the inputs, we adopted an architecture inspired by the Visual Geom-
etry Group (VGGNet) [62], renowned for its use of small convolution filters (3x3) but with
significantly increased depth. During our implementation, we found that a combination of
5x5 and 3x3 convolution filters yielded better performance after hyperparameter tuning. The
final architecture of the compensation CNN; illustrated in Figure 5.4, incorporates Rectifier
Linear Units (ReLUs) alongside each convolution filter to introduce non-linearity. Addition-
ally, max-pooling layers were integrated to capture the most salient features while reducing
computational complexity in subsequent layers. The number of channels C;, Cs, C5, and
Cy were also optimized, and the best-performing number of channels were 9, 17, 27, and 64,

respectively.

Conventional CNN architectures such as VGGNet or the popular ResNet [194] are typically
designed for classification tasks, wherein the network’s objective is to categorize input data
into predefined classes. To facilitate this task, these networks commonly employ a final fully
connected layer with a size equal to the number of categories in the classification scheme.
This layer consolidates the features extracted by the preceding convolutional layers and maps

them to the respective class labels, enabling the network to make accurate predictions. In
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Figure 5.4 Architecture of the Compensation Convolutional Neural Network used to deter-
mine the systematic deviations present in the input image. Each intermediary level is a
feature map, where the result of the previous layer is represented.

our study, the objective of the Compensation CNN differs from typical classification tasks;
instead of categorizing input data into predefined classes, our CNN is tasked with regression,
where the goal is to predict a continuous value. We have designed our CNN with two final
fully connected layers to accommodate this task. The first layer performs the necessary
non-linear computations on the extracted features. In contrast, the second layer consolidates
these computed features into a single scalar value, serving as the output of the regression
task. This output is then applied to the nominal geometry following equation 5.6, where v;
is the coordinate vector of the original vertex ¢, R; is the output of the compensation CNN
for the vertex ¢, n,; is the normal vector of vertex ¢, and v; . is the coordinate vector of the

resulting compensated vertex 4.

Vie = Ui — Ri X ny; (5.6)

This process effectively adjusts the 3D model to account for the systematic deviation of the
printed part from the reference geometry, resulting in a compensated 3D model that can be

printed with improved geometric accuracy and no systematic deviations.

5.3 Experimental Methodology

We now present the methodology employed to prepare the dataset used to train the compen-

sation CNN;, the training process itself, and the evaluation of the compensation CNN.

5.3.1 Reference Geometry

The geometry selected for training the compensation CNN had to meet specific requirements:

it must be quick to print, easy to analyze mathematically, and suitable for comparing the
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proposed methodology to other 3D printing error compensation methods. Thus, a primary
cylinder, a base, and a clocking feature were chosen. This configuration takes less than one
hour to print, and the cylindrical portion of the point cloud can be analyzed mathematically
to determine global deviation metrics such as RMS, mean, and standard deviation. Cylinders
are also commonly used in other 3D printing error compensation methodologies, helping to
reduce distortions induced by the heated build plate and minimizing misalignment errors.

Figure 5.5 shows a rendered version of the chosen geometry.

The nominal CAD model and the files used for the printing and the inspection were prepared
using the CATIA V5 (Dassault Systeémes, Vélizy-Villacoublay, France) CAD software. The
tessellated file used to prepare the printing process was created with a maximum permissible
chord error of 0.001 mm between the nominal geometry and the lines of any triangle created
by the tessellation process and a maximum edge length of 0.1 mm to obtain a regularly
meshed tessellated file. Consequently, the file contained 340,925 points and 681,846 triangles
and should be a negligible source of geometric deviations for the experiments. We focused
exclusively on non-horizontal surfaces for training and evaluating the compensation CNN.
This decision is driven by 3D printing’s layer-wise nature, where even minor compensations

on horizontal surfaces will necessarily cause a discrete layer change.

5.3.2 Dataset Collection

To assemble the dataset, a combination of four Ultimaker 3 and four Ultimaker S5 (Ulti-
maker, Geldermalsen, The Netherlands) 3D printers, shown in figure 5.6 were employed using
2.75 mm Poly-Lactic Acid (PLA) filament from Polymaker (Polymaker, Shanghai, China).

The training dataset comprised 12 sets of five 3D printed parts of the chosen reference ge-

Figure 5.5 Render of the geometry selected for the training and evaluation of the compensa-
tion CNN.
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ometry, totaling 60 3D printed parts. It’s important to note that each Ultimaker 3 produced
two sets of parts. However, the first sets were printed much earlier than the second sets
and should be considered independent due to potential differences in printer calibration or
environmental conditions. Each part was printed using the default "fast" printing parame-
ters from the Cura (Ultimaker, Geldermalsen, The Netherlands) slicing software. The key

printing parameters are presented in table 5.1 and are the same for both 3D printer models.

Figure 5.6 An Ultimaker S5 printing the chosen reference geometry.

Table 5.1 Printing parameters for the original and compensated parts on the Ultimaker 3
and Ultimaker S5.

Printing temperature 215 °C

Printing speed 70 mm/s
Cooling 100%
Support None
Infill type Triangles
Infill density 10%
Plate adhesion None
Layer height 0.2 mm

Nozzle diameter 0.4 mm
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Figure 5.7 Atos core 200, 3D scanning the part.

The 3D scanner used to obtain the digitized version of the 3D printed part was an Atos
Core 200 (GOM, Braunschweig, Germany) shown in figure 5.7. This scanner was shown to
attain a probe error in measuring form of 0.002 mm and a probe error in measuring size
of 0.009 mm [149]. The GOM Scan software interpreted the images from the scanner to
produce a tessellated 3D model representing the 3D printed parts using the high-resolution
setting, resulting in a mesh of approximately 550,000 points at a density of roughly 30 %'

The alignment of the 3D scanned models to the nominal geometry was done using the GOM

Inspect software.

5.3.3 Data Preprocessing and Compensation CNN training

The preprocessing of the training dataset has been implemented according to the method-
ology presented in section 5.2.1. This implementation was done using the Python 3.9 pro-
gramming language using external libraries, namely Trimesh [150] for mesh processing and
Libigl Python bindings [151] for the computation of the deviation scalar field. To enhance
this study’s stability and repeatability, we opted to utilize the vertices of the CAD tessellated
geometry as measurement points and the 3D scan data as the reference for the computation
of the deviation scalar field. Consequently, this approach ensures that a corresponding devi-
ation value can be identified for each coordinate within every deviation scalar field. The grid
arrays are then prepared using the previously computed deviation scalar field. The ground

truths are also determined using the average deviation scalar field of each set of five printed
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parts. The output of the data preprocessing for the training dataset is 3,439,800 groups of

input grid arrays, deviation values, and ground truths.

Following the preparation of the training dataset, we implement the Compensation CNN
using the PyTorch Machine Learning Framework [195] following the methodology presented
in section 5.2.2. A portion of the training dataset is set aside to create the validation dataset
to validate the training process. The training dataset will undergo backpropagation [57] to
minimize the Mean Squared Error (MSE) [196] loss of the inference to the ground truths,
while the validation dataset will not. By segregating these datasets, we mitigate the risk of
overfitting [197], where the model would memorize training data patterns rather than learn-
ing meaningful relationships. Maintaining independence between the validation and training
datasets ensures our CNN’s robustness and generalization capability. An independent val-
idation set is also an unbiased evaluator, providing insights into a model’s performance on
unseen data. We have segregated whole sets of printed parts from unique printers to ensure
the validation dataset’s independence. This results in a split training and validation dataset
of 2,579,850 and 859,950 inputs, respectively.

The training process was done using an NVIDIA TITAN Xp (NVIDIA, Santa Clara, United
States), a Cuda enabled Graphics Processing Unit (GPU). Using the Weights & Biases soft-
ware [198], we could track various training and validation parameters to determine when the
compensation CNN performed optimally on data it has not been trained on. We also used
the hyper-parameter tuning tools of the Weights & Biases software to enable the CNN to
better generalize on unseen data. Also, the ADAM optimizer [199] was used with £; = 0.9

and £, = 0.999 and an initial learning rate Iry of 1 x 1073 with an exponential learning rate

schedule [200] following equation 5.7, where nepocy, is the current epoch and Ir,,_,, is the
value of the learning rate at that epoch.
IThepeon, = 110 X 0.995eroch (5.7)

5.3.4 Compensation CNN evaluation

After successfully training the compensation CNN| it is necessary to evaluate its efficacy
with brand-new data. In this study, we evaluate CNN by using a compensation process
with a newly printed part. The same reference geometry was chosen for this evaluation to
better showcase the compensation CNN’s efficacy. We used an Ultimaker 3 3D printer with
a significant time difference between the data collection and this evaluation, making the 3D
printed part independent from the training dataset. The 3D scanner is the Atos Core 200

presented earlier with its accompanying software, GOM Scan for the scan interpretation and
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mesh creation, and GOM Inspect, for mesh alignment and metrological analysis.

5.4 Results

5.4.1 Compensation CNN Training

We now present the result of the training process for the compensation CNN. This training
process spanned 500 epochs and lasted 3 hours. Figure 5.8 illustrates the progression of these
losses throughout the training period. The presented loss metrics provided insights into the
performance of the CNN, indicating its ability to approximate the average deviation scalar
field. Optimal performance was observed when the validation loss reached its minimum,
highlighting the model’s effectiveness. Notably, at epoch 306, the CNN achieved its lowest
validation loss, suggesting more robust generalization capabilities. The MSE validation loss
was —5.24 x 107% mm? and the MSE training loss was —6.07 x 107® mm?. The MSE loss
presented here is the difference between the MSE loss of deviation at the current vertex and
the MSE loss of the compensation CNN’s output. It is negative because the CNN output is
closer to the ground truth than the input deviation. However, after this epoch, an increase

in the validation loss was noted, indicative of potential overfitting.

To test the efficacy of the compensation CNN in isolating systematic deviations within a
deviation scalar field, we can visually compare the input deviation scalar field with the
inferred output of the compensation CNN against the ground truth. From figure 5.9, we can
observe that the inferred deviation scalar field is representative of the systematic deviations
presented in the ground truth. It also eliminates other random deviations passed through
the average deviation scalar field. In the subsequent section, we delve deeper into an analysis
of a compensated 3D printed part utilizing the compensation CNN, aiming to evaluate the

geometric improvements facilitated by this trained model.

5.4.2 Result of Compensation using the Convolutional Neural Network

To assess the effectiveness of the compensation CNN in identifying systematic deviations from
a deviation scalar field, we compare the geometric accuracy of a compensated 3D printed part

with the deviation scalar field of the sacrificial 3D printed part.

For this evaluation and to showcase the capability of the compensation CNN, we utilized the
same geometry as previously presented on an Ultimaker 3, and sufficient time had elapsed
between the collection of the training and validation datasets and this evaluation, resulting

in significantly different deviation patterns due to the continued usage and maintenance of
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Figure 5.8 Training and validation loss of the Convolutional Neural Network.
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Figure 5.9 a) Colormap of the difference between the 3D scan of the cylindrical portion of a
3D printed part b) Colormap of the difference between the CNN output using that 3D scan
and the corresponding ground truth.
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the 3D printer. Subsequently, this part was scanned using the Atos Core 200 3D scanner,
following the same procedure as previously presented. The acquired 3D scan data was then
aligned with the nominal geometry to extract the deviation scalar field and processed using
the preprocessing methodology outlined in Section 5.2.1. The output of the compensation
CNN was used to compensate the nominal geometry, which was subsequently printed using

the same machine and printing parameters as the sacrificial part.

The sacrificial and compensated parts used for the evaluation are depicted in Figure 5.10,
with their deviation scalar fields represented as colormaps. A visual inspection reveals that

most deviations have been eliminated.

A more meticulous observation of the compensated deviation scalar field of the printed part
reinforces our initial hypothesis. Assuming systematic deviations have been successfully
eliminated, the remaining errors should stem from random sources. These remaining random
errors are observable on the surface of the compensated 3D printed part as horizontal patterns
of deviation. Hence, horizontal deviations could serve as indicators for identifying random

errors.

To further study the efficacy of the compensation CNN to reduce the geometric deviation of
the compensated 3D printed part, a numerical analysis is presented in table 5.2. It demon-
strates that the CNN compensation method leads to substantial improvements in geometric
accuracy, as evidenced by reductions in mean absolute error, standard deviation, and im-
provements in cylindricity. The reduction in the standard deviation of the deviation scalar
field holds particular significance in this evaluation, as it provides insights into the distribu-
tion of the errors in the compensated part. In that sense, it serves as a proxy to evaluate the
filtration of random errors from the sacrificial part of the compensation process. Reinforcing
this, the standard deviation of the CNN-compensated 3D printed part is 0.0173 mm, which
closely aligns with the standard deviation of 0.020 mm obtained by Jadayel and Khamenei-
far [192] for the compensated part using the average deviation scalar field of five parts.

Considering that the 3D printer and the 3D scanner inherently introduce random errors into

a)

Figure 5.10 Deviation colormap of the cylindrical feature of the a) sacrificial and b) CNN
compensated 3D printed part
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the process, it is essential to acknowledge that some random errors cannot be eliminated.
This similar result between the two experiments may suggest that we are approaching such

a limit.

5.5 Discussion

This study proposes a compensation methodology to reduce geometric deviations in 3D
printed parts. This methodology consists of the preprocessing algorithm and the Convo-
lutional Neural Network. The first introduces an innovative approach to interpreting the
deviation scalar field, or color map, by encoding not only the scalar values but also capturing
the patterns and spatial correlations of the deviations across the surface of the geometry in
a computer-readable format, allowing the following algorithms access to insights previously
inaccessible. In essence, it transforms disorganized information into structured data. While
alternative methods for organizing information exist, such as generating a parametric func-
tion to depict surface deviations on geometry, they fail to account for the original dataset’s

dimensionality and discrete nature.

This study’s proposed preprocessing method creates 2D grid arrays of the deviation neighbor-
hood, representing the deviation values associated with the vertices neighboring each vertex
of the nominal geometry within a certain distance. It organizes the deviations measured on
the surface of the 3D printed part as a 2D projection organized in a grid array representing
the measured data in 3D while being entirely interpretable to a machine learning algorithm.
It is also more accurate than other methods of organizing data because there is no interpo-
lation or extrapolation in the output; only measured data is presented. This ensures that
the information provided is precise and reliable without introducing inaccuracies through
additional computations. These 2D grid arrays also encapsulate the local deviations and the

spatial hierarchical structure of the deviation scalar field, allowing for the detailed analysis

Table 5.2 CNN compensation evaluation result

Sacrificial Part CNN Compensated  Geometric Deviation
Deviation Scalar Field Deviation Scalar Field  Improvement from
(mm) (mm) CNN Compensation
Mean Absolute of 0.1275 0.0146 88.5%
Geometric Error
Standard Deviation of 0.0694 0.0173 75.0%

Geometric Error
Cylindricity 0.2382 0.0806 66.2%
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of deviation patterns around a vertex.

The second algorithm presented in this work is specialized to detect patterns in an image
or image-like data, in our case, a grid of values. After being trained on a large dataset, the
compensation CNN is specially optimized to detect patterns of systematic deviations and
approximate the proportion of the deviation that is random vs systematic. Thanks to the
preprocessing step, the compensation CNN can leverage the spatial hierarchical structure
of the deviations in the grid arrays without requiring knowledge of the underlying geom-
etry. The proposed methodology presents distinct advantages, notably its generalized and
machine-agnostic approach. Although the generalization is not thoroughly demonstrated in
this work, NNs and CNNs have consistently shown a remarkable capacity for generalization
when trained on extensive datasets [201]. In addition, the success of the compensation CNN
on a limited dataset for training and validation demonstrates the efficacy of the compensa-
tion methodology. To obtain a generalized compensation CNN, popular image classification
CNNs like AlexNet and VGGNet are pre-trained using datasets like ImageNet holding more
than 1.2 million images [183] and Trained on specific datasets containing millions of im-
ages [62]. For our implementation, the precise number of independent data points required
remains uncertain and would likely depend on factors such as the complexity of the CNN
model and the desired level of performance. Given the resource limitations of this study,
a thorough investigation into the optimal dataset size is not considered. However, this re-
mains an important avenue for future research. These data points would consist of sets of
3D scanned 3D printed parts of different geometry produced from different machines using
various sets of printing parameters. On the other hand, a production team that is required
to scan all produced 3D printed parts for quality assurance purposes could already have all

the necessary data to train the compensation CNN.

Assuming successful training leads to a generalized model, no additional training, work, or
adjustment would be needed to obtain a compensated nominal geometry. Only a single
sacrificial part per machine and printing parameter would be necessary to compensate the
nominal model for a production run. In contrast, previous methodologies necessitated a more
labor-intensive approach, especially with increasing geometric complexity. For instance, the
parametric function required to model the deviations on a 3D free-form shape is more com-
plex than the parametric function necessary to model the deviations on a primitive geometry.
Another method of compensating a nominal geometry to reduce systematic deviations ne-
cessitated five sacrificial parts for every machine and sets of printing parameters [192]. The

method proposed in this paper reduces wasted time, material, and cost.

Future work would be required in the preprocessing algorithm to resolve the missing data
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issue when no valid vertex of the nominal geometry is present to occupy a cell in the grid
array. As the CNN is a purely mathematical tool, a placeholder value has to be inserted in
the cell, as it is impossible to input an empty cell in a grid array. This placeholder can still

affect the perception of the CNN, even if pooling layers and masks were implemented.

5.6 Conclusions

The proposed method of training a compensation Convolutional Neural Network to produce a
deviation scalar field representing the systematic deviation of a 3D printed part by analyzing
grid arrays of the projected original deviation scalar field obtained by scanning a sacrificial
3D printed part was successfully demonstrated and shown to improve the geometric accuracy
of subsequently printed parts when the nominal shape is compensated using the inverse of
systematic deviations. The compensated part used to validate the compensation algorithm
displayed a mean average error improvement of 88.5% and a standard improvement of 75%
over the non-compensated part. By training the compensation CNN to recognize and quantify
the systematic deviations in the deviation patterns represented in the grid arrays, we were able
to reduce the importance of random deviations in the sacrificial part’s deviation scalar field
and, through this approach, reduce the impact of random deviations from the sacrificial part
on the compensated part, allowing the cylindricity of the compensated part to be improved
by 66%. This improvement can allow a lower-priced 3D printer to compete with high-end
machines or allow for tighter tolerances with FFF machines. While our study provides
valuable insights into the effectiveness of the proposed method for improving the geometric
accuracy of 3D printed parts, future work would expand the datasets to encompass a broader

range of geometries and printing platforms.
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Abstract This paper presents a geometric analysis comparison of structured-light 3D scan-
ners against coordinate measuring machines (CMMs) in measuring 3D printed plastic parts.
The resulting geometric analysis of a 3D printed part measured with a contact probe on a
CMM and measured with a structured light 3D scanner is presented, along with an error anal-
ysis that includes a statistical comparison of the measured geometric deviation. This analysis
is then used to determine if structured-light 3D scanners are reliable enough to perform a
GD&T analysis of specific features. This paper also presents the results of in-process 3D
scanning and compares them to offline 3D scanning to determine the suitability of in-process

3D scanning for comprehensive analysis of geometric deviation and GD&T features.

6.1 Introduction

Additive manufacturing (AM), or 3D printing, has revolutionized the production of com-
plex and intricate parts across various industries [202]. While AM offers numerous benefits,
including faster prototyping, reduced material waste, and increased design freedom, it also
poses unique challenges regarding quality control [203]. Traditional methods for measuring
the accuracy of manufactured parts, such as coordinate measuring machines (CMMs), are
time-consuming and costly, reducing the efficiency of rapid prototyping or low-volume pro-
duction. As a result, CMMs may not be adequate to analyze the geometry of a 3D printed

part promptly, especially for parts with intricate features and shapes.

Structured-light 3D scanning is a promising alternative for measuring 3D printed parts,
offering faster results than traditional methods [204]. In structured-light 3D scanning, a
pattern of light is projected on the surface of an object, and two cameras capture the distortion
at a calibrated distance and angle between them. The difference in the captured pattern is
used to reconstruct the object’s geometry [36]. The result of 3D scanning is a disorganized
point cloud of the surface of the measured part, which can then be used for geometric

inspection.
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Without a recognized standard procedure to compare the different technologies, several re-
searchers have developed methods and artifacts to evaluate the metrological performance
of structured light 3D scanning [44,47,205]. Additionally, 3D scanner manufacturers also
create their own evaluation artifacts that the end-user can use to verify the quality of their

equipment.

This scan-based inspection result can also be used to compensate the geometry of parts
to improve their geometric accuracy [192]. It is also possible to optimize the quality control
process for speed even more by integrating measuring sensors in the 3D printing process [206,
207].

In this paper, we present a measurement comparison of a 3D printed Polylactic Acid (PLA)
part using a CMM and a structured-Light 3D scanner. We also present an in-process 3D
scanning measurement and evaluate the variation of the measurements at different layers of
the printing process. This study investigates the metrological performance of structured-light
3D scanning for the geometric inspection of 3D printed parts. By comparing the results of
in-process and offline 3D scanning and CMM measurement, we aim to provide insights into
the accuracy and reliability of offline and in-process structured-light 3D scanning as a quality
control tool for AM.

6.2 Methodology

6.2.1 Part Fabrication

The part used in this study is a plate with 16 spheres arranged in a diamond pattern. A
feature to help determine the part’s orientation is present on the corner used as the origin of
the measurement coordinate system. A representation of the part used is presented in Figure
6.1. Spheres were chosen as the measured features due to their simple geometry, which is
amenable to numerical analysis. The overall size of the part is 75 mm x 75 mm in length
and width. The plate is 5 mm thick, and the radius of the spheres is 3.75 mm. The size is
representative of the usual parts printed by a desktop 3D printer.

The part is printed, with white PLA, on a Prusa i3 MK3S (Prusa, Prague, Czech Republic.)
modified to allow for in-process 3D scanning. The geometry was sliced using the Cura slicing
software with default fast parameters. The main parameters of these settings are presented

in Table 6.1. The accuracy reported by the printer’s manufacturer is 0.1 mm on the Z-axis
and 0.3 mm on X and Y axes [208].

The same part is measured by CMM, offline 3D scanning, and in-process 3D scanning, where

the part is scanned at every five layers during the printing process. More details on the



77

in-process 3D scanning will be presented in section 6.2.4.

Figure 6.1 3D model of the ball plate used for the analysis.

6.2.2 CMM Measurement

The part is measured with a Coordinate Measuring Machine (CMM) following the printing
and in-process scanning. The machine used for this study is a Mitutoyo Legex 960 (Mitutoyo,
Kawasaki, Japan) equipped with a TP7M probe (Renishaw, Wotton-under-Edge, United
Kingdom). The length of the stylus is 20 mm, and the radius of the tip is 2 mm. This

measurement dataset offers a theoretically reliable and precise measurement of the printed

Table 6.1 Printing parameters of the measured part.

Printing parameters Value

Printing temperature 200 °C
Build plate temperature 60 °C
Layer height 0.2 mm
Infill density 20 %
Printing speed 60 mm/s
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part. For this reason, it is used as a reference for the other measurements. Each sphere is
measured using 51 measurement points covering the whole surface of each sphere for a total

of 816 measurement points.

Next, the measurement dataset is processed using a Python script. This script separates the
dataset into 16 groups according to what feature it measures and fits a sphere to each. To
eliminate any registration errors due to the origin being measured by the CMM on the part,
an additional registration transformation is applied by using Procrustes’ analysis [209] with

the center of the fitted spheres and the nominal sphere centers from the CAD model.

6.2.3 Offline 3D Scanning

The printed part is then scanned using an optical structured light 3D scanner. This study uses
the Atos Core 200 (GOM, Braunschweig, Germany) with GOM Scan, its data acquisition
software. The part is installed rigidly on a manual turntable with scan markers, easily
detectable by the 3D scanner. The part is rotated and scanned to capture the geometry from
all sides. Thanks to the markers installed on the turntable, the software can accurately stitch
multiple scans to form the complete point cloud of the entire part. Figure 6.2 shows the part

on the turntable scanned with the Atos Core 200 3D scanner.

The resulting point cloud consists of approximately 525,000 points with a resolution of around
72.5 points/mm2. The data was then exported to GOM Inspect for registration with the
nominal geometry. A Python script then isolates the points related to the spheres from the

rest of the point cloud and fits spheres to them.

Figure 6.2 Offline 3D scanning setup.
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6.2.4 In-Process 3D Scanning

The process of scanning the part while it is being printed required modifications to the 3D
printer. The Prusa i3 MK3S was modified to include a flat bearing and a pulley under the
build plate to allow precise and smooth rotation. A NEMA 17 stepper motor and an Arduino
Uno (Arduino, Turin, Italy) microcontroller were also added to control the rotation according
to serial commands sent from the controlling computer. The 3D scanner used for in-process

3D scanning is the Atos Core 200, which is used for offline 3D scanning.

Every five layers, the printer receives a stop command and moves the print head to a position
on the edge of the scanning volume, and the build plate moves to the center of the scanning
volume. Then, the build plate and everything on it are scanned multiple times in different
orientations to complete 360 degrees of coverage. Scan markers are placed on the print bed
for the 3D scanner software to compute the exact orientation and position of the bed. Figure

6.3 shows the modified 3D printer in its scanning position.

The output of the in-process 3D scan is eight point clouds made of 312,000 points for the first
scanned layer to 416,000 points for the last scanned layer. Each scanned layer captures the
outside geometry and the visible infill at that layer. A Python script filters the extraneous
points in the point cloud, isolates the points corresponding to each sphere and computes a
fitted sphere to each.
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Figure 6.3 In-process 3D scanning setup in the scanning position.

6.3 Offline 3D Scan vs CMM Analysis

When analyzing the offline 3D scan dataset, the CMM measurement is taken as the reference
geometry, as it offers an accurate representation of the printed part, which we use to charac-
terize the measurement errors produced by the 3D scanner. This analysis focuses on the error

in distance measurement, the error in size measurement and the error in form measurement.

6.3.1 FError in Distance Measurement

The distance between the center of each two fitted spheres is measured, and the error in

distance measurement is the difference between the distance measured with the 3D scanner

data and the distance measured with the CMM data. There are @ unique combinations in

a set of n elements; with 16 spheres, we obtain 120 distance values. Equation 6.1 demonstrates

the error in distance measurement e, as defined in this study.
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eq;ltzpst = Hcgcan - CgcanH - |‘C%MM - C%MMH (61>

Where c§,,,, and c§,,,, are the center of fitted sphere u and v from the scan data and c¢;;,
and c¢y s 1s the center of fitted sphere v and v from the CMM data. Figure 6.4 shows
the measurement errors for each nominal distance. The average error is 0.017 mm with a
standard deviation of 0.029 mm. The Root Mean Square (RMS) value is also calculated to
be 0.033 mm.
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Figure 6.4 Error in distance measurement.

6.3.2 Error in Size Measurement

The size measurement is the radius of the fitted sphere and the error in size measurement
is the difference between the size measured with the 3D scanner and the size measured with

the CMM. The error in size measurement e’

size

is computed using equation 6.2.

Csize = Tscan — ToMM (62)

Where r?

scan

fitted sphere ¢ in the CMM dataset. The average error in size measurement is -0.095 mm

is the radius of fitted sphere 7 in the scan dataset and r,,,, is the radius of

with a standard deviation of 0.030 mm. The maximum error calculated is -0.159 mm, and

the minimum error is -0.053 mm.
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6.3.3 Error in Form Measurement

The form measurement is represented by the fitted residuals of the fitted spheres. The error
in form measurement is taken as the difference of the average of fitted residuals between each
corresponding spheres from the scan and the CMM dataset. Equation 6.3 demonstrates the
fitted residual form!,, of sphere i in the scan dataset. The fitted residual formi,,,, is

calculated with the same equation using the CMM dataset instead. Equation 6.4 shows the

error in form measurement €, of sphere i.

The distinction between the size measurement and the form measurement is that the latter
offers information on how well the measured points form a sphere while the former informs

us on what sphere represents the given points optimally.

) Enscan 7, _ CZ
fOTchan N HpSican ScanH o (63)
NSecan
ej‘orm = formican - fOTmiCMM (64>

Where pgian is the position of point j of sphere 7 in the scan dataset, ¢, is the position of

%
scan

the center of fitted sphere 7, n is the number of points corresponding to sphere ¢ in the

scan dataset and r; is the radius of fitted sphere .

The error in form measurement for the printed part is, on average 0.010 mm and its standard
deviation is 0.008 mm. The RMS for this error is 0.099 mm. After analyzing the data, it
appears that the unusually high value for the RMS is the result of an outlier error on sphere
14. The form measurement error for this outlier is 0.039 mm. However, by excluding the
error from this fitted sphere, we were able to obtain a new average of 0.008 mm, a standard
deviation of 0.003 mm, and an RMS value of 0.008 mm. Upon further inspection, it seems
that sphere 14 has a blob of solidified material that went undetected by the CMM.

6.4 In-Process 3D Scan vs Offline 3D Scan Analysis

In this section, the in-process 3D scan dataset is compared to the offline 3D scan of the same
part. The offline scan is chosen as the reference data to determine if in-process 3D scanning
is reliable to inform decisions on the accuracy of the 3D printed part before it is finished.
As the in-process scan occurs at multiple layers, the analysis is conducted on multiple point

clouds obtained at different layers, and their trends are compared to the offline scan.
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6.4.1 Error in Distance Measurement

The error in distance measurement is computed similarly to equation 6.1, with the difference
that the offline 3D scanner dataset is now the reference, taking the place of the CMM dataset.
Also, the in-process 3D scanner dataset is the dataset to analyze, instead of the scan dataset

from Equation 6.1.

Theoretically, the position of the spheres, and the distance between them, should not change
between each measurement. In reality, the computed position of the fitted spheres changes
from one scanned layer to another because of imperfections on the surface of the spheres
which affect the computation of the fitted spheres. Additionally, imperfection on early layers
of the part has a proportionally more important effect on the fitted spheres. Figures 6.5 and
6.6 show the trend of the error of the distance between spheres and it suggests that before
layer 31 the data is not reliable enough to determine the geometric quality of the printed
part.

0.0275
—— Mean of error

STD of error
—— RMS of error

0.0250 4

0.0225

0.0200 4

0.0175 -

Error (mm})

0.0150 4

0.0125 A

0.0100 N

21 26 31 36 39
Layer number

Figure 6.5 Mean, standard deviation (STD) and Root mean square (RMS) of the distance
measurement error on scanned layers.
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Figure 6.6 Error in distance measurement at each scanned layer.
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Figure 6.7 Mean, Standard deviation (STD) and Root mean square (RMS) of the size mea-
surement error on scanned layers. Note that the mean and RMS curves appear superimposed
due to the scale of the chart being much bigger than the difference between the two curves.
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6.4.2 Error in Size Measurement

The size measurement error is analyzed to determine the accuracy of the 3D scanner when
measuring size features on a printed part. Equation 6.2 is adapted by using the offline 3D
scan as the reference data instead of the CMM data and the in-process 3D scan as the
data to evaluate instead of the offline 3D scan data. The adapted equation is then used to
compute the error in size measurement between the in-process 3D scanning and the offline

3D scanning.

For the in-process 3D scanning, the variation of the computed error in size measurement
demonstrates that scans from early layers are most impacted by missing data and geometric

deviation from the printer, as they disproportionately affect the results.

Figure 6.7 displays the progress of the error in size measurement. It is clear from this figure
that the error is indeed greater in the first scanned layers than in the last two layers. In
addition, we can notice that the standard deviation of the error is much smaller than the

mean and RMS, which shows that there may be a systematic error common in all spheres.

6.4.3 Error in Form Measurement

The error in form measurement is important to analyze as it can help to determine if the
form measurement is reliable. Equations 6.3 and 6.4 are adapted in the same manner than
the other two equations, by replacing the offline 3D scan as the reference data instead of
the CMM data and the in-process 3D scan as the data to evaluate instead of the offline 3D
scan data. Adapted equations 6.3 and 6.4 are then used for the error computation with the
offline 3D scan as the reference measurement and the in-process 3D scan as the measurement
to analyze. This analysis will also be highly influenced by missing data and printing errors

causing it to be unreliable in early layers.

Figure 6.8 shows the evolution of the form error across the scanned layer. From the figure,
we can observe that the layers before layer 36 have a much higher error in form measurement
than the last couple of layers. That is what we expect from having more data points on

which we fit spheres.
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Figure 6.8 Mean, standard deviation (STD) and Root mean square (RMS) of the form mea-
surement error on scanned layers.

6.5 Discussion

It is clear from the results of the offline scan to CMM analysis, shown as a summary in
table 6.2, that the 3D scanner can accurately capture the geometric quality of a 3D printed
part. However, further assessment is required to define the measurement uncertainty of the
3D scanner data. Notably, the mean error in size measurement is higher than the other
measurement errors. This higher value is likely due to a previously undetected systematic

error in the measurement of the 3D scanner.

On the other hand, CMMs can only measure at predetermined points on the surface of the
part and can easily miss errors on the part due to the low number of measurement points.
This is what we see in section 6.4.3, where a blob of extra material was present on the surface
of the sphere. This blob was accurately captured by the 3D scanner, but not the CMM. On
the other hand, if the CMM had detected it, it would have had a more significant impact on

the quality of the measurement due to the relatively high impact of each measurement point.

On the comparison of the in-process 3D scanning and the offline 3D scanning, we see that
all errors are high in early layers, meaning the scan data is not reliable to use as an early

prediction of final geometric deviation. Nevertheless, using statistical analyses, could deter-
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mine if a certain tolerance on a scanned feature would not be respected early in the printing
process, reducing wasted material and time. However, a custom statistical model may be
required for each feature type. A machine learning model could also be used to compute the

probability of a tolerance being respected.

Additionally, we can compare the measurement errors of the last layer of the in-process
3D scan to the offline 3D scan measurement errors, as the scanned part is finished in both
measurements. This comparison shows that the distance, size, and form errors are small
relative to earlier layers, most likely due to thermal deformation. It could also be attributed
to the error of repeatability of the 3D scanner. Furthermore, the offline 3D scanned part was
carefully scanned to capture all sides of all spheres and leave as few holes as possible. That
is something that would not be possible to guarantee for the in-process 3D scan. This fact

could have decreased the quality of the in-process measurement.

6.6 Conclusion

This study shows that the 3D scanner can accurately capture the geometric accuracy of
the 3D printed part and that the 3D scanner has the significant advantage of being able to
capture the entirety of the surface of the geometry without requiring a significant amount of
time. However, additional investigation is needed to determine the measurement uncertainty
of 3D scan data.

For in-process 3D scanning, the automation of the scanning process before being removed
from the 3D printer brings the same advantages as offline 3D scanning in addition to the
possibility of adjusting the printing process by compensation. Despite that, more extensive

research is needed to refine the acquired data to obtain similar results to offline 3D scanning.

Finally, further research should be conducted to improve the efficiency of in-process 3D
scanning. Also, more quality control methods could be integrated with the proposed setup
to develop a complete analysis of the geometric accuracy of the printed part and other

properties that could be verified, i.e., porosity, surface roughness, or the quality of the infill.

Table 6.2 Summary of the measurement error of the offline 3D scanner to CMM analysis.

Measurement Mean error Standard deviation Root Mean Square

type (mm) of error (mm) of error (mm)
Distance 0.017 0.029 0.033
Size -0.095 0.030 0.100

Form 0.010 0.008 0.099
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CHAPTER 7 GENERAL DISCUSSION

7.1 Summary of findings

In the scientific literature reviewed in Chapter 2, it is evident that only a few methodologies to
improve 3D printers’ geometric accuracy performance are tailored to utilize dense deviation
scalar fields obtained from a 3D scanner. Moreover, the methods incorporating such data
often do not evaluate how best to use the data. As presented in chapter 4, using the raw
deviation scalar field to compensate the nominal geometry’s surface mesh is not the best
method. Indeed, the first contribution of this research work is that we have demonstrated
that the raw deviation scalar field includes random and systematic deviations, and the optimal
compensation method is to apply the inverse of the systematic deviation scalar field on the
surface mesh of the nominal geometry. The systematic deviations vary across machines, and
given their complex interplay of thermomechanical and kinematic effects, no known method
exists in the scientific literature to model them. The average deviation scalar field of five
printed parts of the same geometry using a single machine, presented in chapter 4, adequately
approximated the systematic deviation scalar field of a part of that particular geometry
printed on that machine. Applying the inverse average deviation vector field to the nominal
surface mesh showed a notable enhancement, with the MAE seeing a 55% improvement,
the standard deviation seeing a 65% improvement, and the 99th percentile of absolute error
sees an improvement of 68%. This study is intended to prove the concept and presents
two significant limitations. The first limitation is the number of sacrificial parts required to
obtain an average deviation vector field, which can be prohibitively expensive if working with
costly materials or machines. The registration of multiple sacrificial parts is also a limiting
factor in this study, as the different scan data need to be aligned with the nominal geometry,
each scan will have different alignment errors. These errors will affect the deviation field and
the average deviation field. As it would not be consistent from part to part, the alignment
errors would be reduced in the average deviation field but would increase the proportion of
random errors. The second limitation is that the approximated systematic deviation vector
field relates only to a single geometry and machine’s state at a time. For any new geometry,
material, or variation in the printing process or measurements, five new sacrificial parts must
be printed, scanned, and averaged to compute the new average deviation field. One of the
major advantages of 3D printing is its flexibility and ability to produce different geometries
without necessitating different setups, so requiring five sacrificial parts is antithetical to the

technology.
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The study presented in chapter 5 developed on the first contribution by proposing to use an
ML model to interpret better the deviations scalar field of a 3D printed part obtained using a
structured light 3D scanner. The ML model can quantify systematic deviations visible on the
measurements of the printed part by creating images of the deviation scalar field surrounding
each point of the nominal surface mesh. The CNN used a series of learnable filters and Max-
Pool layers to interpret the deviation values in the neighborhood of each point, recognizing
patterns that would be telltale signs of systematic deviations. This CNN was trained using a
dataset consisting of sets of 3D printed parts. Each set within the training dataset was pro-
duced using different 3D printers, ensuring variability and robustness in the training process.
Their corresponding average deviation scalar field, approximating the systematic deviations,
was used as ground truths. Including different 3D printers allows the CNN to recognize
general systematic deviation patterns in local deviation neighborhoods and discourages the
network from learning a deviation pattern of a single 3D printer. This research’s second
significant scientific contribution demonstrates the CNN’s ability to approximate the aver-
age deviation scalar field using a single deviation scalar field. This capability indicates the
presence of recurring patterns within the local deviation neighborhood, which are consistent
across FFF 3D printers. It also suggests the potential to approximate the systematic devia-
tion scalar field and use this approximation to improve the geometric accuracy of subsequent
parts by compensating the surface mesh of the nominal geometry. In the study presented in
chapter 5, we demonstrated that the original geometry compensated by the inverse of the
systematic scalar field generated by the compensation CNN produced a part with an MAE
improved by 88.5%, the standard deviation seeing a 75% improvement, and the cylindricity
sees an improvement of 66.2%. This improvement in geometrical accuracy comes at the cost
of a single sacrificial 3D printed part, reducing material and time wasted by 80% from our
first proposed method. The presented solution also has limitations that impede its perfor-
mance. As noted in the study, the absence of data in some pixels created by the preprocessing
algorithm harms the CNN’s performance. No methods were found in the literature to handle
missing data in images inputted to a CNN other than simply filling empty pixels with a
value that is not in the expected domain of the image. Another limitation, typical for many
ML solution implementations, is the data required for a successful training process. Indeed,
thousands of independent observations would be necessary, which is well outside the scope

of this research.

The last scientific contribution, presented in the conference paper at the CIRP ICME 23
conference, relates to in-process measurements of the FFF 3D printing process. The confer-
ence paper presents a 3D printing in-process 3D scanning setup that captures the geometric

deviations of a part in the middle of the printing process. This setup allowed us to examine
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the evolution of the dimensions throughout the printing process. We concluded that the de-
viations in all metrics were higher earlier in the printing process and seemed to settle at the
end. In all likelihood, each layer is affected by the next layer, and a cycle of cooling, reheating,
contracting, and dilating is the reason for this behavior. This conclusion finally demonstrated
that more work would be required to obtain actionable measurements in-process for the FFF

3D printing process.

7.2 Recommendation for future work

Recommendations for extensions to the presented work can be separated into incremental
improvements, focusing on the process’s limitations as explained in the previous section,
and paradigm-shifting enhancements, which would present new methodologies than those

presented in this investigation.

Collecting more data from various FFF 3D printers printing various geometries in sets to
obtain the average deviation scalar field would be incremental work that would allow CNN to
develop its ability to extract systematic deviation patterns from local deviation neighborhood
images further. Similar to this improvement, optimizing the CNN’s architecture based on
the enlarged dataset would enable it to perform better. Notably, the small image size of
20 x 20 limits the context available to the CNN and the abstraction capability of each neuron.
Increasing it is not negligible, as it would worsen the missing data problem. The missing
data problem is another facet that warrants more work. The ability to handle missing data
intelligently, or at the very least in a manner that would not be detrimental to performance,
would be an exciting avenue for future work, not only in the context of this research but also

in the case of other similar problems of CNN computation.

Another exciting opportunity that has been identified in the pursuit of this investigation
is the study of how different materials, printing process parameters, and different printing
processes altogether. Indeed, because the material’s heating and cooling are one of the causes
for systematic deviations, systematic deviations would present themselves differently in the
raw deviation field. If the differences are notable, it might be that a separate CNN would
be needed to interpret the deviation scalar field to integrate the material selection in the
computation of the systematic deviation scalar field. Integrating this knowledge could direct
the research into new directions, making it more capable of inferring systematic deviations

from a deviation scalar field.

Many possible future works could be paradigm-shifting in the in-process determination of

systematic deviations. Understanding the deviation trends in-process would permit the cre-
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ation of a deviation model according to the status of the printing process. This deviation
model could then be used to adjust the scan data obtained during printing to predict the
deviation at the end and compensate based on the computed systematic deviation scalar field

using the compensation CNN.
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CHAPTER 8 CONCLUSION

This thesis presents the current state of geometric accuracy evaluation, control, and improve-
ment of FFF 3D printing. As an active field of research, various solutions and opportunities
are continuously being explored. While numerous methodologies are documented in the sci-
entific literature, only a few focus on analyzing the deviations of printed parts to develop a
geometry-independent generalized deviation model. With the advent of metrological-grade
structured-light 3D scanners, it is now possible to obtain accurate and dense data covering
the entire built part. This comprehensive data can be used to characterize and understand
the deviations introduced by the printing process, thereby opening new avenues for enhancing

the precision and reliability of FFF 3D printing.

The primary objective of this research was to develop a robust methodology for evaluating
and improving the geometric accuracy of FFF 3D printed parts. To achieve this, the study
aimed to determine how to affect the 3D printing process to reduce geometric deviations
based on 3D deviation values measured on the surface of the entire geometry. Additionally,
it sought to interpret structured-light 3D scan data to obtain the optimal deviation value
that can be acted on. Finally, the study focused on creating a model that can extract the

optimal deviation values using as little data as possible.

We have demonstrated that deviations on the surface of an FFF 3D printed part consist of two
components: one random and one systematic. Deviations must be processed and analyzed to
distinguish between the deviation components effectively. Furthermore, we have shown that
applying the inverse of the systematic deviation is an appropriate methodology to reduce the
geometric deviation of printed parts. The systematic component of the deviations relating to
geometry and machine can be approximated using scan data from multiple sacrificial printed

parts.

In addition, we propose an ML methodology to infer the systematic deviation related to a
single geometry and machine based on a single sacrificial printed part. This ML algorithm,
trained on scan data of parts printed with various geometries and printers, can infer system-
atic deviation patterns from local deviation neighborhoods. We also present a methodology

to capture the deviations of a printed part while it is still in the printing process.

The rapid adoption of 3D printing in industrial sectors, accompanied by a rise in geometric
accuracy requirements in specific fields, creates the opportunity to integrate high-accuracy
AM machines into supply chains. The solutions proposed in this research can improve the

geometric accuracy of printed parts or reduce the cost of machines capable of such preci-
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sion. Furthermore, we have paved the way for further analyses of deviations obtained by 3D

scanning to detect patterns of deviation attributable to specific sources of error.
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