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Abstract: As Additive Manufacturing (AM) evolves from prototyping to full-scale produc-
tion, improving geometric accuracy becomes increasingly critical, especially for applications
requiring high dimensional fidelity. This study proposes a machine learning-based ap-
proach to enhance the geometric accuracy of 3D printed parts produced by Fused Filament
Fabrication (FFF), a widely used material extrusion process in which thermoplastic filament
is heated and deposited layer by layer to form a part. Our method relies on a Convolu-
tional Neural Network (CNN) trained to predict a systematic deviation field based on
3D scan data of a sacrificial print. These scans are acquired using a structured light 3D
scanner, which provides detailed surface information on geometric deviations that arise
during the printing process. The predicted deviation field is then inverted and applied to
the digital model to generate a compensated geometry, which, when printed, offsets the
errors observed in the original part. Experimental validation using a complex reference
geometry shows that the proposed compensation method achieves an 88.5% reduction in
mean absolute geometric deviation compared to the uncompensated print. This signifi-
cant improvement underscores the CNN’s ability to generalize across geometric features
and capture systematic deformation patterns inherent to FFF. The results demonstrate the
potential of combining 3D scanning and deep learning to enable adaptive, data-driven
compensation strategies in AM. The method proposed in this paper contributes to reducing
trial-and-error iterations, improving part quality, and facilitating the broader adoption of
FFF for precision-demanding industrial applications.

Keywords: additive manufacturing; fused filament fabrication; convolutional neural
network; geometric accuracy; 3D printing; geometric compensation; systematic deviations

1. Introduction

Fused Filament Fabrication (FFF), often referred to as Fused Deposition Modelling
(FDM), involves the layer-by-layer extrusion of thermoplastic filament to create three-
dimensional objects [1], 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 indi-
vidual 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 [2]. Lately, FFF has increasingly found
applications in larger-scale manufacturing environments. The accessibility and adaptability
of AM machines have transformed them into indispensable tools within factory settings,
where their capacity to produce intricate geometries on-demand is invaluable [3,4]. This
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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.

To support this evolution, researchers have investigated the geometric accuracy of
additively manufactured parts to assess the reliability of AM machines in producing
geometrically correct parts. Additionally, efforts have been made to develop methodologies
to improve the geometric accuracy of 3D-printed parts, enhancing FFF technology’s overall
capabilities and applicability. One method to indirectly improve the geometric accuracy of
a 3D printed part is by dynamically 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 additionally 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. [5] proposed 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. [6] used an in-situ camera to capture the newly printed layer and
a combination of Machine Learning (ML) models and a fuzzy logic controller to adjust four
printing parameters to remain at optimal values for the duration of the printing process.
Brion and Pattinson [7] demonstrated 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 images 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 have contributed to this field of study by analyzing different
materials [8] or processes [9], by adding new parameters [10], or by implementing different
methodologies to detect process parameter shifts [11]. Nath et al. [12] proposed a process
design optimization framework to optimize FFF process parameters. The thermal history
obtained from a simulation is used to predict the geometric inaccuracy of the printed part.
The FFF process parameters are then optimized to minimize inaccuracy by affecting the
thermal history obtained from the simulation.

Another exciting approach investigated by many researchers is to enhance the geomet-
ric accuracy of additively manufactured parts by analyzing and optimizing the 3D model
before printing to identify predictable deviations and modify the print file accordingly, elim-
inating 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 [13]. Chowdhury et al. [14,15]
proposed the use of 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 Bian [16] 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. Huang et al. [17] presented a method to improve the dimensional accuracy in Binder
Jetting Additive Manufacturing (BJAM) by using an artificial neural network trained on
FEA simulation results. This ANN predicts and compensates for shrinkage deformations
occurring during the sintering process, significantly improving the dimensional accuracy
of the final product.



Machines 2025, 13, 382

30f22

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. [18] proposed a parametric error model 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 the deviations of a
printed part with a Coordinate Measuring Machine (CMM) 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. [19], who computed
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, 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 [20] 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 introduces additional variables and potential sources of error and increases the
complexity required for predictive statistical models. Wang et al. [21] produced a statis-
tical prediction model based on Kriging spatial statistics [22], 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. Alter-
native geometric compensation schemes weare proposed and compared experimentally
by Cheng et al. [23], integrating process parameters into their statistical model to make it
more generalizable.

To help determine the optimal compensation equation, an analytical framework was
proposed by Huang [24] using quality measures, such as the Minimum Area Deviation and
Minimum Volume Deviation. Then, to improve the geometric accuracy of freeform geome-
tries, a generic and prescriptive methodology was established by Luan and Huang [25].
A convolution framework was also developed by Huang et al. [26] to predict 3D shape
accuracy. This convolution model provides a layer-by-layer in-plane prediction of defor-
mation, 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, process parameter, and shape-dependent covariates, with a
zero-mean random field for spatial correlation and measurement error [27].

Machine learning for AM has been a new trend, and researchers have been applying
machine learning tools to improve AM performance. Wang et al. [27] did 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 was employed by Sabbaghi et al. [28]
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
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model to generalize based on a limited dataset. Sabbaghi and Huang [29] refined this
methodology by developing a new effect equivalence framework to enable the deviation
model to transfer across AM processes.

Tsung et al. [30] explored 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 be generalized to other applications. Ferreira et al. [31] presented 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 was employed by Tao et al. [32] to identify and model anomalies
in an unorganized 3D point cloud. This method can also discriminate outliers, allowing
for higher accuracy in acquiring automated measurement data. Huang [33] decomposed
the input geometry into stacks of 2D primitive geometry, which simplified the printing
process and enabled them to establish an impulse response formulation and modeling
framework to apply control theory to AM. Khanzadeh et al. [34] proposed the use of self-
organizing maps on the scan data of 3D printed parts to define the geometrical quality of
a 3D printed part when a large dataset is obtained from 3D scanning. Decker et al. [35]
proposed a data-driven methodology of compensating the shape of a 3D printed part to
increase the geometric accuracy by training a random forest model [36], 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 [35] is that it is not
limited to planar deviations and can control all dimensions simultaneously.

Zhu et al. [37] demonstrated 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. [38] produced a trained Conditional
Adversarial Network capable of predicting 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. [39] separated the inference of geometric accuracy of 3D printed parts into
two algorithms: a feature detection algorithm to classify geometry and a shape deviation
generator specialized for each type of geometry. The two-algorithm approach limits the
scope of the shape deviation predictor while allowing the algorithm to be broader. Recent
advances in sensor-based and computational error detection methods, as highlighted
by Mehta et al. [40], emphasize the integration of vision-based and fluctuation-based
sensing techniques with model-driven correction strategies to improve 3D printing accuracy.
Abdolahi et al. [41] demonstrated the effectiveness of machine learning-based predictive
models in assessing the capability of the process and forecasting geometric deviations in
additive manufacturing, achieving an accuracy of greater than 93% in predicting the form
deviation. Their findings suggest that integrating predictive analytics, such as random
forest and artificial neural networks, with CNN-based compensation models could improve
geometric accuracy by proactively identifying deviations before printing, reducing the
dependency on sacrificial parts.

Zhao et al. introduced a neural network-based approach using point cloud data, with
three set abstraction levels and three interpolation layers before a multilayer perceptron,
achieving an average error of 0.037 mm on the test dataset [42].

Some researchers presented in this study have reported using Artificial Neural Net-
works and their derivatives to solve the complex problem of geometric accuracy im-
provement of 3D printed parts. Indeed, Artificial Neural Networks have proven to be
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a powerful tool for such complex tasks [43]. For instance, the tasks of image classifica-
tion [44] and image processing [45] present significant challenges, but Convolutional Neural
Networks (CNNs) have shown great potential and are showing continuously improving
results [46]. CNNs make use of spatial correlations in the input data, usually images or
videos, resulting from pixel arrangement and organization [47] and can detect patterns
not necessarily discernible by a human [48]. Because 3D models, surface meshes, or point
clouds do not have spatial correlations in their data structure, other types of ANN have
been developed to work with them. For example, PointNet can classify 3D models in real-
time with a novel input format to enable itself to use the CNN architecture [49]. Many other
neural networks have been developed for model segmentation [50,51], object detection [52],
and 3D model reconstruction [53].

Based on a review of the current literature, while several techniques have been de-
veloped 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 [54]. 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 knowl-
edge 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.

2. Proposed Method

The present study follows previous investigations that have demonstrated that mor-
phing the nominal geometry by the inverse of the systematic deviations measured on
the sacrificial parts can improve the geometric accuracy of subsequent printed parts [54].
However, the authors note that the raw deviation scalar field obtained from measuring
a single sacrificial part E; comprises two distinct components: systematic deviation Eg
and random errors Egj, as shown in Equation (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 (2).
In that equation, E¢ and Erc are the deviation scalar field and the random errors of the
compensated part. The random errors Er; and Egc are theoretically independent and
different in any two printed parts.
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To address the accumulation of random errors issue, the authors propose the use of 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 Ey. of 1 parts is computed by Equation (3) with E;, the error of
scanned part i. The systematic deviation Eg average remains constant, and the averaged
random deviation components Er are added. Equation (4) shows the deviation E. 4. 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 1, improving
the geometric accuracy of the compensated part.

Ei =Eg+Eg; 1)

where:

e E;: Total deviation of part 1 (mm)
*  Eg: Systematic deviation inherent to the printing process (mm)
*  Ery: Random deviation specific to part 1 (mm)

Ec =EstErc—E
Ec = Es = Egrc — (Es £ Eri1) )
Ec = £(Erc + Er1)

where:

*  Ec: Residual deviation after compensation (mm)

*  Eg: Systematic deviation inherent to the printing process (mm)
*  Egc: Random deviation of the compensated part (mm)

*  E;: Total deviation of part 1 (mm)

¢ Egq: Random deviation specific to part 1 (mm)

1
Egpe = EZEi

n><E5

+ - Z Eg; 3)

Eave -

Eaqve = ES + - Z ERi
i3

where:

®  Eue: Average deviation of n parts (mm)

*  n: Number of scanned parts (unitless)

e  E;: Total deviation of part i (mm)

*  Eg: Systematic deviation inherent to the printing process (mm)
*  Ep;: Random deviation of part i (mm)

Ec ave = ES + ERC — Eaoe

Ecave = Es + Egc — Es £ — Z ER;

1
Ec,ave = +Erc =+ E Z Egi
i=1
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where:

®  E_aet Residual deviation of the compensated part using average deviation (mm)
*  Eg: Systematic deviation inherent to the printing process (mm)

*  Epc: Random deviation of the compensated part (mm)

*  Eupe: Average deviation of n parts (mm)

e n: Number of scanned parts (unitless)

*  Ep;: Random deviation of part i (mm)

However, this approach also has some limitations. For example, it may be difficult
or expensive 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 inaccuracies 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 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.

Figure 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 compensation 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
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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) a compensa-
tion 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 2.1 and 2.2, respectively.

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 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 7,; 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
Veori and n,; and is used to align the rows of the grid. Subsequently, the orientation vector
Vori is recomputed by taking the cross product of Vye, and n,;, aligning the columns of the
grid. Figure 2 illustrates three example situations and demonstrates the orientation of the
orientation vector and perpendicular vectors.

A D

Figure 2. (A) Examples of vectors on the reference geometry’s surface mesh. Red arrows are the
normal vector (11,;) to the vertex of interest, green arrows are the perpendicular vectors (vpr), 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.
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The position of the center of each grid cell p,, is defined by Equation (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
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.

hape — 1 hape — 1
Puv :vi_VperD((u_l) - Sap;) _VoriD((v_l) - Sap;) (5)

where:

*  puo: Position vector of the center of cell (u,v) (mm)

*  ©v;: Reference point (typically the center of the surface patch) (mm)
*  Vper: Unit vector perpendicular to the surface patch (unitless)

e Vit Unit vector in the orientation direction of the patch (unitless)
e D: Grid cell size (mm)

*  shape: Number of cells per row and column in the grid (unitless)

*  u,v: Indices of the cell in the grid array (unitless)

Once the grid has been constructed, a ball query is applied to find all vertices of the
reference mesh within a certain radius r,,;; of each grid cell center p,, using a K-d tree [55],
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: r4,;; = V2 x 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
deviations 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 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.

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 Geometry Group (VGGNet) [56], renowned for its use of small convolution
filters (3 x 3) but with significantly increased depth. During our implementation, we found
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Input

that a combination of 5 x 5 and 3 x 3 convolution filters yielded better performance after
hyperparameter tuning. The final architecture of the compensation CNN, illustrated in
Figure 4, incorporates Rectifier Linear Units (ReLUs) alongside each convolution filter
to introduce non-linearity. Additionally, max-pooling layers were integrated to capture
the most salient features while reducing computational complexity in subsequent layers.
The number of channels Cy, C3, C3, and C4 were also optimized, and the best-performing
numbers of channels were 9, 17, 27, and 64, respectively.
§0.500

0.400

0.300
~0.200

0.100

0.000 E

-0.100

-0.200

-0.300

-0.400

m0-500

Figure 3. Illustration of grid arrays presented on a geometry with various geometric features.

Feature maps: C;x16x16 Cyx14x14 C,x10x10 C,x8x8 C3x4x4 C3x2x2

Linear
1 Output

Convolution Maxpool Convolution Maxpool  Conv. Maxpool  Linear
5x5xC1 3x3 5x5xC, 3x3 5x5xCs 3x3 Cq

Figure 4. Architecture of the compensation Convolutional Neural Network used to determine the
systematic deviations present in the input image. Each intermediary level is a feature map, where the
result of the previous layer is represented.

Conventional CNN architectures such as VGGNet or the popular ResNet [57] 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
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predictions. In our study, the objective of the compensation CNN differs from typical
classification tasks; instead of categorizing input data into predefined classes, our CNN
performs 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 (6):

Vie = Ui — Rj X 1y (6)

where:

* ©v;: Coordinate vector of the original vertex i on the reference geometry (mm)

*  R;: Output of the compensation CNN for vertex 7, representing the systematic devia-
tion (mm)

* 1y Normal vector at vertex i on the reference geometry (unitless)

* v;.: Coordinate vector of the compensated vertex i (mm)

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.

3. Experimental Methodology

We now present the methodology employed to prepare the dataset used to train
the compensation CNN, the training process itself, and the evaluation of the compensa-
tion CNN.

3.1. Reference Geometry

The geometry selected for training the compensation CNN had to meet specific re-
quirements: it must be quick to print, easy to analyze mathematically, and suitable for
comparing the proposed methodology to other 3D printing error compensation methods.
Thus, a primary cylinder, a base, and a clocking feature were chosen. This configura-
tion 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 shows a rendered version of the
chosen geometry.

Figure 5. Render of the reference geometry used for training and evaluating the compensation CNN.
The part measures 200 mm in diameter and 100 mm in height.
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The nominal CAD model and the files used for the printing and the inspection were
prepared using the CATIA V5-6R2018 (Dassault Systemes, 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 devia-
tions 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.

3.2. Dataset Collection

To assemble the dataset, a combination of four Ultimaker 3 and four Ultimaker S5
(Ultimaker, Geldermalsen, The Netherlands) 3D printers, shown in Figure 6, were employed
using 2.85 mm polylactic acid (PLA) filament from Polymaker (Polymaker, Shanghai,
China). The training dataset comprised 12 sets of five 3D printed parts of the chosen
reference geometry, totaling 60 3D printed parts. It is 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 parameters from the Cura 4.13.0 (Ultimaker, Geldermalsen, The Netherlands)
slicing software. The key printing parameters are presented in Table 1 and are the same for
both 3D printer models.

© <
Ultimaker s5-6

‘M u— . ‘u‘ ‘

e Y

Figure 6. An Ultimaker S5 printing the chosen reference geometry.
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Table 1. Printing parameters for the original and compensated parts on the Ultimaker 3 and Ulti-
maker 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

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 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 [58]. The GOM Scan 2018 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 lan:r:tzs
The alignment of the 3D scanned models to the nominal geometry was conducted using
the GOM Inspect 2018 software.

Figure 7. Atos Core 200, 3D scanning the part.

3.3. Data Preprocessing and Compensation CNN Training

The preprocessing of the training dataset has been implemented according to the
methodology presented in Section 2.1. This implementation was performed using the
Python 3.9 programming language using external libraries, namely Trimesh 3.10.5 [59] for
mesh processing and Libigl Python bindings 2.2.1 [60] 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
ensured that a corresponding deviation value can be identified for each coordinate within
every deviation scalar field. The grid arrays were then prepared using the previously
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computed deviation scalar field. The ground truths were also determined using the average
deviation scalar field of each set of five printed parts. The output of the data preprocessing
for the training dataset was 3,439,800 groups of input grid arrays, deviation values, and
ground truths.

Following the preparation of the training dataset, we implemented the compensation
CNN using the PyTorch 1.12.1 Machine Learning Framework [61] following the method-
ology presented in Section 2.2. A portion of the training dataset was set aside to create
the validation dataset to validate the training process. The training dataset underwent
backpropagation [62] to minimize the Mean Squared Error (MSE) [63] loss of the inference
to the ground truths, while the validation dataset did not. By segregating these datasets,
we mitigated the risk of overfitting [64], where the model would memorize training data
patterns rather than learning meaningful relationships. Maintaining independence between
the validation and training datasets ensured our CNN’s robustness and generalization
capability. An independent validation set is also an unbiased evaluator, providing insights
into a model’s performance on unseen data. We segregated whole sets of printed parts
from unique printers to ensure the validation dataset’s independence. This resulted in a
split training and validation dataset of 2,579,850 and 859,950 inputs, respectively.

The training process was completed using an NVIDIA TITAN Xp (NVIDIA, Santa
Clara, CA, USA), a Cuda enabled Graphics Processing Unit (GPU). Using the Weights & Bi-
ases 0.13.4 software [65], we tracked various training and validation parameters to deter-
mine when the compensation CNN performed optimally on data it had 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 [66] was
used with 1 = 0.9 and B, = 0.999 and an initial learning rate Irg of 1 x 103 with an
exponential learning rate schedule [67] following Equation (7), where 1, is the current

epoch and I, is the value of the learning rate at that epoch.

epoch

I,y = 170 X 0.995" epoch (7)

where:

*  [rg: Initial learning rate (unitless)
®  Mgpoen: Current epoch number (unitless)
e | P hepoch’ Learning rate at the current epoch (unitless)

3.4. Compensation CNN Evaluation

After successfully training the compensation CNN, it was necessary to evaluate its
efficacy with brand-new data. In this study, we evaluated the CNN by using a compen-
sation 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 Ulti-
maker 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 was the Atos Core 200 presented earlier with its accompanying software: GOM
Scan for scan interpretation and mesh creation, and GOM Inspect for mesh alignment and
metrological analysis.

4. Results
4.1. Compensation CNN Training

We now present the results of the training process for the compensation CNN. This
training process spanned 500 epochs and lasted 3 h. Figure 8 illustrates the progression of
these losses throughout the training period. The presented loss metrics provided insights
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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 10~® mm? and the MSE training loss was —6.07 x 10~® 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.

Training and Validation Loss

2x10° m
1%106 l m Train loss
‘ ® Validation loss
0 |

-1x10°¢ |

—-2x10°

Loss

—-3%x10°
—4x10°
—-5%x10°

-6x10°

—7x10®
0 50 100 150 200 250 300 350 400 450 500

epoch

Figure 8. Training and validation loss of the Convolutional Neural Network.

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 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.

0.100
0.080
0.060
0.040
0.020
0.000 £
-0.020=
-0.040
-0.060
-0.080
-0.100

HE| | [T

(a) (b)

Figure 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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4.2. Result of Compensation Using the Convolutional Neural Network

To assess the effectiveness of the compensation CNN in identifying systematic devia-
tions 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 ensured
that 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 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 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 10,
with their deviation scalar fields represented as colormaps. A visual inspection reveals that
most deviations have been eliminated.

(a) (b) a—0.100

Figure 10. Deviation colormap of the cylindrical feature of the (a) sacrificial and (b) CNN compensated
3D printed part.

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 Figure 11.
It demonstrates that the CNN compensation method leads to substantial improvements in
geometric accuracy, as evidenced by reductions in mean absolute error, standard deviation,
and improvements 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 distribution 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 Khameneifar [54] 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 the process, it is essential to acknowledge that some random errors
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cannot be eliminated. This similar result between the two experiments may suggest that
we are approaching such a limit.

CNN Compensated
Deviation Scalar Field
(mm)

Sacrificial Part
Deviation Scalar Field
(mm)

0 0.05 0.1 0.15 0.2 0.25

m Cylindricity m Standard Deviation of mMean Absolute
Geometric Error Geometric Error

Figure 11. CNN compensation evaluation result.

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
Convolutional 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 function 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
neighborhood, 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 interpolation 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 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 hierar-
chical structure of the deviations in the grid arrays without requiring knowledge of the
underlying geometry. 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
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for generalization when trained on extensive datasets [68]. In addition, the success of
the compensation CNN on a limited dataset for training and validation demonstrates the
efficacy of the compensation methodology. While the proposed CNN-based compensation
method demonstrates significant improvements, it is important to note that the current
model has been trained and validated using a single reference geometry. Although the
architecture and pre-processing methodology are designed to be geometry-agnostic, full
validation across diverse part geometries and printer types is still ongoing. Further ex-
perimental work is needed to ensure robust generalization of the CNN across a wider
range of real-world applications. Incorporating additional training data from multiple
shapes and machines is a key objective of our future work to develop a fully generalized
compensation tool.

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 [44], and trained on specific datasets containing millions of images [56].
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 remains 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 com-
pensate the nominal model for a production run. In contrast, previous methodologies
necessitated a more labor-intensive approach, especially with increasing geometric com-
plexity. For instance, the parametric function required to model the deviations on a 3D
free-form shape is more complex than the parametric function necessary to model the
deviations on a primitive geometry. Another method of compensating a nominal geom-
etry to reduce systematic deviations required five sacrificial parts for each machine and
sets of printing parameters [54]. The method proposed in this paper reduces wasted
time, material, and cost by 80%, requiring only a single sacrificial part per machine and
printing parameters.

6. Conclusions

The proposed method involves training a compensation CNN to predict a deviation
scalar field representing systematic errors in 3D printed parts. This is performed by
analyzing grid arrays derived from the deviation field of a sacrificial print scanned with
a structured light 3D scanner. The approach was successfully demonstrated and shown
to enhance the geometric accuracy of subsequent prints by compensating the nominal
geometry using the inverse of the predicted systematic deviations.

The compensated part used for validation showed an average geometric error reduc-
tion of 88.5% and a 75% reduction in standard deviation compared to the non-compensated
part. By training the CNN to detect and quantify systematic patterns within the deviation
field, we minimized the influence of random deviations present in the sacrificial print. This
led to a 66% improvement in cylindricity of the compensated part.

These improvements suggest that lower-cost 3D printers can achieve results com-
parable to high-end machines, or that tighter tolerances can be met using the proposed
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compensation method. While this study demonstrates the method’s potential, future work
should expand the dataset to include a wider range of geometries and printing platforms.

Future work would be required in the preprocessing algorithm to resolve the missing
data 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.
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Abbreviations

The following abbreviations are used in this manuscript:

AM Additive Manufacturing

PPE Personal Protective Equipment
FDM Fused Deposition Modelling
FFF Fused Filament Fabrication
SLA Stereolithography Apparatus
CAD Computer Aided Design

FEA Finite Element Analysis

ICP Iterative Closest Point

STL Standard Tessellation Language
GD&T  Geometric Dimensioning and Tolerancing
CMM  Coordinate Measuring Machine
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