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Abstract
Accurate prediction of the cross-sectional geometry of deposited beads is essential for improving process control in Fused 
Granulate Fabrication (FGF), a key process within the Large Format Additive Manufacturing (LFAM) family. Building 
upon the previous model for single bed shape prediction, this work addresses the complex problem of reconstructing the 
full cross-sectional shape of polymer beads in multi-bead configurations, focusing on both adjacent and superimposed 
beads, through an Artificial Neural Network (ANN). A structured dataset was generated by varying critical process param-
eters, namely layer height, screw speed, and bead center distance. The ANN, designed with two hidden layers and sup-
ported by image processing techniques, successfully captured the geometric features of the deposited material, reaching 
a mean absolute error of 10.22% across all tested conditions. Unlike traditional methods that approximate only a limited 
number of contour points, the approach proposed here, enables full-profile prediction, offering a deeper understanding of 
bead interactions and the dynamics of layer formation. The findings represent a significant step forward aimed at improv-
ing the geometric accuracy and the process control in LFAM applications, contributing to a better understanding of the 
role of the key process parameters.

Keywords  Large format additive manufacturing · Machine learning · Artificial neural network · Fused granulate 
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1  Introduction

 Fused Granulate Fabrication (FGF) is a material extru-
sion process within Large Format Additive Manufacturing 
(LFAM) that uses pellet feedstock to melt thermoplastics 
or fiber-reinforced thermoplastics. The technology, which 
typically relies on screw extruders, offers advantages such 
as lower costs, higher throughput, and improved mechanical 
properties compared to filament-based methods. FGF’s high 
deposition rates and cost-effective feedstock are making it 
increasingly popular in industries like aerospace, naval, and 
automotive [1–3]. These parts offer benefits like simplified 
assembly, improved structural integrity, and reduced mate-
rial waste. FGF is often complemented by CNC milling to 
achieve the precision and surface finish required for applica-
tions such as mold production, where these factors directly 
impact the final component’s functions. This technology’s 
readiness for large format applications has been highlighted 
in a recent review paper [4].

Many of the challenges in FGF are related to low resolu-
tion and geometric inaccuracies [1], particularly in predict-
ing how individual beads, the fundamental building blocks 
of a printed part, interact. One of the most critical issues is 
the formation of defects due to suboptimal spacing between 
adjacent beads (Fig. 1). When the bead spacing is too 
small, excess material accumulates, negatively impacting 
the deposition of subsequent layers and potentially result-
ing in increasing geometric deviations as the build height 
increases. Conversely, excessive spacing leads to the forma-
tion of inter-bead or inter-track voids, which compromise 
part integrity. This issue was previously observed in Fused 
Deposition Modeling (FDM) by Duty et al. [5], and a recent 
study by Lim et al. [6] reported a similar phenomenon in 
FGF. In their work, voids took the shape of a diamond-like 
star, also referred to as “astroids”. Through experimental 
design and regression analysis, the previous studies focused 
on identifying optimal process parameters, such as screw 
speed, layer height, and overlap percentage, to minimize 
void formation [6]. The staircase effect is another relevant 

aspect to consider. It refers to the characteristic stepped pat-
tern observed on the lateral surfaces of components produced 
through additive manufacturing (AM) processes [7]. Owing 
to the larger feature sizes involved, this phenomenon is even 
more pronounced in LFAM processes [4], where increased 
bead width and bead height lead to a coarser external sur-
face finish. In this context, an accurate prediction of bead 
geometry becomes essential to enable the prediction of this 
geometric defect in the final component.

Each layer is affected by those beneath it, thus, modelling 
the interactions between new and existing layers is crucial. 
Previous studies on single bead geometry prediction in FGF 
and FDM have encountered several critical limitations:

 

	●   Geometric models, such as those by Aksoy et al. [8] 
and Ahn et al. [9], rely on simplified assumptions (e.g., 
elliptical bead shapes) and limited parameters, which 
lead to low accuracy in predictions.

	●    Numerical models like those by Balta et al. [10] and 
Comminal et al. [11, 12] and Serdeczny et al. [13, 14] 
are computationally expensive and exhibit relatively 
low accuracy, with predictions often affected by system-
atic errors.

	●    Machine Learning (ML) has demonstrated strong 
potential in predicting bead geometry for various AM 
and LFAM technologies like Selective Laser Melting 
(SLM), Directed Energy Deposition (DED), and Wire 
Arc Additive Manufacturing (WAAM) [15–20]. How-
ever, these models are typically limited to predicting 
basic bead parameters such as height and width, rather 
than providing a comprehensive prediction of the entire 
shape. Some studies have applied Artificial Neural Net-
works (ANNs) to predict bead contours for technolo-
gies like Cold Spray Additive Manufacturing (CSAM) 
[21–23] and DED [24], but these models struggle with 
more complex geometries, such as undercuts or overlap-
ping beads. While the model by Ikeuchi et al. [21] is pre-
cise for CSAM, its variable resolution limits its ability 

Fig. 1  Geometric challenges in bead deposition. a Inter-bead voids 
formed due to excessive center distance between adjacent beads. b 
Excess material accumulation caused by insufficient center distance, 

negatively impacting the deposition of subsequent layers and leading 
to cumulative geometric inaccuracies during part growth
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to predict elongated beads or more complex shapes in 
multi-bead or multi-layer configurations.  

 
Wang et al. [25] conducted a prediction of multiple-bead 

geometric parameters for Laser-Arc Hybrid Additive Man-
ufacturing; however, their approach is limited to adjacent 
beads and only predicts height and flatness. Similarly, Asadi 
et al. [26] performed predictions of only height and wavi-
ness for superimposed multiple-bead deposits. An attempt 
to predict the geometry of multiple beads was made by Ikeu-
chi et al. [27] and Falco at al. [28], whose model, although 
effective for Cold Spray Additive Manufacturing (CSAM), 
relies on deposit growth models specific to CSAM and not 
extendable to other LFAM technologies. On the other hand, 
the only simulation developed for FGF by Pibulchinda et 
al. [29] models the interaction between multiple beads. 
Although they showed that process parameters significantly 
influence the bead-to-bead contact area, the results of their 
simulations on adjacent multiple beads were not compared 
with experimental data, leaving the validity of their predic-
tions unconfirmed.

Rizzieri et al. [30] proposed a neural network model for 
3D concrete printing that uses Fourier descriptors to predict 
the full cross-sectional contour of single and overlapping 
beads. The method can capture complex features such as 
necking at the inter-layer contact and is computationally 
efficient.

However, the analysis is limited to single beads and 
superimposed beads (Fig. 2c), while adjacent bead (Fig. 2b) 
deposition is not addressed. In addition, the selection criteria 
for the experimental cases from the literature used to test the 
method are not clearly discussed. Finally, the performance 
indicators adopted, namely height, width and area, and the 
contact length in the case of superimposed beads, are not 
sufficient for a comprehensive assessment of geometric pre-
diction accuracy, as they only describe global parameters 
and do not quantify how accurately complex local features 
of the contour are captured.

In a previous work [31], it was demonstrated the use of an 
ANN model to predict the geometry of FGF’s single beads, 
based on images, with constant resolution and high accu-
racy. Building up on this previous study, through ANN mod-
eling and experimental validation, here we demonstrate for 
the first time a comprehensive prediction of multiple FGF 
beads, including both adjacent and superimposed configura-
tions, capturing complex inter-bead interactions and high-
lighting the versatility of our approach. Additionally, with 
numerical parameters as input and a binary image as output, 
our model has the potential to be adapted to other LFAM 
and AM technologies and extended to predict internal fea-
tures of the beads. The results on multiple beads confirm the 

effectiveness of our model, showing its ability to adapt to 
the most relevant process parameters.

2  Methods

2.1  Research questions

To investigate the factors influencing the geometry of FGF 
beads, three distinct configurations were analyzed: single 
beads, adjacent beads, and superimposed beads. Key pro-
cess parameters, including layer height, extruder screw 
speed, and inter-bead distance, were systematically varied 
to study their effect on bead shape. A central objective of 
this work was to determine whether limited datasets are suf-
ficient to train an ANN model capable of accurately predict-
ing bead geometry, including multiple-bead configurations 
where complex inter-bead interactions occur, such as local 
material accumulation or variations in deposition caused 
by the presence of previously deposited beads. The study 
also evaluated whether the predictive accuracy achieved 
for multiple beads is comparable to that obtained for sin-
gle beads, providing insight into the model’s applicability 
across different deposition strategies. Finally, the relative 
contribution of image pre-processing and post-processing 
steps to the overall prediction error was assessed, in order to 
quantify how much of the observed discrepancies are attrib-
utable to these data handling procedures versus the ANN 
predictions themselves.

2.2  Process parameter levels and dataset strategy

To investigate the behavior of adjacent and superimposed 
beads, three distinct sets of experiments were conducted. 
The initial set examined individual beads, serving as a ref-
erence for centering the cross-sections of multiple beads; 
the second set investigated adjacent beads, and the third set 
analyzed superimposed beads. The definitions of multiple 
bead configurations are illustrated schematically in Fig. 2. 
In all experiments and simulations, both adjacent and super-
imposed bead configurations consist of two beads. In these 
experiments, key process parameters were varied, includ-
ing layer height, extruder screw speed, and the distance 
between the centers of the beads. Both layer height and bead 
center distance are depicted in Fig. 2. These experimental 
settings are consistent with those used by Pibulchinda et al. 
[29], who varied parameters such as layer height, bed veloc-
ity to extrudate velocity ratio (which is influenced by screw 
speed), and bead overlap percentage (which is analogous to 
the distance between the centers of the beads in our study).

While it is straightforward to set equally spaced constant 
levels for the other process parameters, this is not feasible 
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series of considerations. These are solely intended to estab-
lish limits for the dataset and do not influence the prediction 
procedure.

First, the cross-sectional area A is assumed to be propor-
tional to the screw speed S, since the screw speed directly 
determines the volumetric material flow rate and the robot 

for the center-to-center distance of adjacent beads. When 
varying the layer height (H) and screw speed (S) while 
keeping this distance constant, some combinations would 
result in beads too far apart to make contact, whereas others 
would produce excessive overlap, leading to irregular bead 
shapes. Therefore, boundary values were defined based on a 

Fig. 2  Schematic representation 
of bead configurations and print-
ing strategy used in the experi-
ments. The enlarged view areas 
in a, b, and c represent cross-
sections of the deposited beads. a 
Single bead. b Adjacent beads. c 
Superimposed beads
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plate or samples exhibiting highly irregular cross-sections 
along their length. The second level corresponds to the 
intermediate value between the minimum and maximum 
limits. As reported in Tables 1 and 2, and 3, and in the sup-
plementary materials (Tables S1–S3), the operational limits 
are 1.5 mm and 2.5 mm for layer height, 12 rpm and 16 rpm 
for screw speed, and 1.000 to 1.450 for the k ratio. This 
selection ensures that the training data spans the full feasi-
ble range of the process while including only valid samples. 
The considered variables are H and S for all configurations, 
namely single, superimposed, and adjacent beads. For the 
adjacent bead configuration, the additional parameter k was 
also included. This results in 9 parameter combinations for 
single beads, 9 combinations for superimposed beads, and 
27 combinations for adjacent beads. The selected parameter 
levels are reported in Tables 1 and 2, and 3, respectively, 
while all parameter combinations are listed in Tables S1–S3 
in the Supplementary Materials.

The rationale for including nine randomized single bead 
samples is that, for a given layer height and screw speed, the 
first bead in both adjacent and superimposed configurations 
corresponds exactly to a single bead. Therefore, single beads 
serve as a direct geometrical reference for evaluating the 
interaction effects occurring in multi-bead configurations. 
In adjacent beads, the second bead modifies the geometry of 
the first through lateral interaction, while in superimposed 
beads, the upper bead is deposited on top of a first bead that 
is geometrically equivalent to a single bead. This approach 
ensures consistent baseline conditions across configurations 
and facilitates a clearer visual interpretation of bead-to-bead 
interaction effects.

Consequently, the final dataset consists of 18 single 
bead samples (9 full-factorial and 9 randomized), 36 adja-
cent bead samples (27 full-factorial and 9 randomized), 
and 12 superimposed bead samples (9 full-factorial and 3 
randomized).

An ideal data split of 75% for training, 10% for valida-
tion, and 15% for testing was assumed. Due to the different 
sample sizes associated with each bead configuration, dif-
ferent strategies were adopted for the partitioning of train-
ing, validation, and testing datasets.

	● For the single bead configuration, an adjustment to 
maintain the intended split ratio was applied. Specifical-
ly, five randomized combinations (ID14 to ID18) were 

speed is kept constant (Eq. 1), as also observed in other 
studies [32].

A ∝ S� (1)

Subsequently, by embedding the bead in a rectangular 
bounding box, for a constant cross-sectional area A, the 
width w and layer height H are inversely proportional 
(Eq. 2).

A ∝ w

H
� (2)

Finally, to maintain comparable conditions across different 
levels of layer height and screw speed, we impose that the 
center-to-center distance D between adjacent beads is pro-
portional to their width w (Eq. 3).

D ∝ w� (3)

From these considerations, Eq. 4 is derived. Here, a constant 
kis introduced, with three levels determined experimen-
tally. The minimum k value corresponds to beads placed 
so close that any further reduction in center-to-center dis-
tance would lead to process instability, while the maximum 
value ensures the minimum overlap required to avoid gaps 
between adjacent beads.

D = k
S

H
� (4)

This formulation provides meaningful boundary values for 
the dataset and defines the levels for the process parameters.

To ensure a sufficiently broad and well-distributed train-
ing dataset, three levels were selected for each input process 
variable. The first and third levels correspond to the empiri-
cally tested minimum and maximum operational limits of 
the machine, beyond which sample production was unsuc-
cessful, for instance beads that did not adhere to the build 

Table 1  Input variables’ levels in the case of single beads
Level Layer height (mm) Screw speed (rpm)
1 1.5 12
2 2.0 14
3 2.5 16

Table 2  Input variables’ levels for the training of the ANN in the case 
of adjacent beads
Level Layer height

(mm)
Screw speed
(rpm)

k ratio
(mm2/rpm)

1 1.5 12 1.000
2 2.0 14 1.225
3 2.5 16 1.450

Table 3  Input variables’ levels for the training of the ANN in the case 
of superimposed beads
Level Layer height (mm) Screw speed (rpm)
1 1.5 12
2 2.0 14
3 2.5 16
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to process conditions leading to failed deposition, making 
such extrapolation irrelevant. In addition, it is reasonable 
to expect that prediction performance gradually deterio-
rates as inputs approach the operational boundaries, since 
these regions increasingly tend toward extrapolation rather 
than interpolation. All other parameters, aside from those 
explicitly mentioned, were kept constant throughout the 
experiments.

To ensure consistent positioning of the sample images 
within the frame, all Red-Green-Blue (RGB) images were 
first converted to Black and White (BW). Then, the single 
bead samples with parameters matching those of the adja-
cent and superimposed configurations were centered by 
aligning their centroid to the center of the frame, followed 
by a symmetry-based adjustment.

2.3  Materials and experimental setup

All samples were fabricated using a robotic FGF system 
developed by Caracol AM (Barlassina, Italy), specifically 
the Heron AM™ 300 platform equipped with a high-flow 
extruder featuring an 8 mm diameter nozzle. The extrusion 
head was mounted on a KUKA KR120 R3100 Quantec-2 
robotic arm (KUKA, Augsburg, Germany). The feedstock 
was a 30% short glass fiber-reinforced homopolymer poly-
propylene, dried at 80 °C for 2 h prior to processing, follow-
ing material specifications. Extrusion was performed under 
steady-state thermal conditions, with barrel temperatures set 
to 240 °C, 245 °C, and 250 °C from zone 1 to zone 3. Print-
ing operations began only once thermal stabilization was 
reached. Toolpaths were generated using Caracol Builder 
(Caracol AM), a proprietary slicing software. For each tool-
path point, the nozzle-substrate distance was manually cali-
brated based on direct measurements. Deposition followed 
linear toolpaths with sampling points spaced at 100  mm 
intervals, for a total bead length of 500 mm. The robot oper-
ated at a transverse speed of 50 mm/s for all depositions. 
Cross-sectional analysis was consistently performed at the 
same location along the path to ensure comparability across 
all samples. According to ISO 9283, the robot’s positional 
repeatability is ± 0.05 mm.

After printing, all samples were sectioned using a cut-off 
machine Tecmet 2000 (Milan, Italy), model C301K. Each 
specimen was cut to the same length of 40 mm to ensure 
consistency in subsequent analyses.

Cross-sectional imaging was then performed using a 
Zeiss SteREO Discovery.V12 optical microscope (Zeiss, 
Oberkochen, Germany) equipped with a Zeiss Axiocam 305 
color camera and operated via the Zeiss ZEN Microscopy 
Software. Since the sample cross-sections exceeded the 
field of view of the microscope, the “Panorama Interactive” 
function of the software was employed. This feature allows 

reassigned to the training set in order to approximate the 
75-10-15 proportion.

	● For the adjacent-bead configuration, the larger number 
of combinations and their distribution among full-fac-
torial and randomized datasets, allowed straightforward 
adherence to the ideal split. In this case, all randomized 
samples were allocated to the validation and testing sets 
according to the predefined proportions.

	● In the case of superimposed beads, the dataset was par-
ticularly limited. To ensure reliable performance evalua-
tion while retaining sufficient data for training, a custom 
Leave-K-Out Cross-Validation (LKOCV) scheme was 
employed. The fixed combinations were consistently re-
tained in the training set, while the randomized samples 
were alternately assigned to validation and testing, as 
detailed in Tables S6–S8 of the Supplementary Materi-
als. In each iteration, two samples were used for valida-
tion and one for testing, while the remaining data were 
used for training. This procedure was repeated until each 
sample from the three randomized sets had been as-
signed to both validation and testing roles at least once. 
Although this approach does not correspond to classical 
leave-one-out cross-validation, it retains its core princi-
ple of maximizing data usage while minimizing estima-
tion bias. Variants of leave-k-out cross-validation have 
been applied in manufacturing and process modelling 
tasks when dealing with small datasets, as they provide 
more stable and representative error estimates [33, 34].

The resulting cross-sections are presented in Figures S1–S4 
for the training datasets and in Figures S5–S7 for the valida-
tion and testing datasets, respectively.

Among the nine randomized input combinations gener-
ated for single bead deposition, three (IDs 14, 17, and 18) 
coincided with conditions already included in the training 
set. Therefore, they were not physically reproduced but are 
still reported for completeness. In contrast, samples corre-
sponding to IDs 29 and 30 could not be fabricated due to the 
excessive center-to-center distance between beads, which 
caused them to remain completely separated. As a result, 
their production was unsuccessful.

Although in some applications, such as process simu-
lation or fault diagnosis, ANNs have proven capable of 
both interpolation and extrapolation with high accuracy 
[35–37], interpolative predictions generally yield more reli-
able results. For this reason, our analysis was limited to the 
interpolation domain, as reported in previous studies using 
a similar approach [22, 31]. Having defined three levels 
for each variable and established the operating bounds, the 
intermediate level was placed at the midpoint of the range 
to ensure a balanced exploration of the input space. Hence, 
extrapolation beyond the trained range would correspond 
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with the more complex feature involved in the case of adja-
cent beads.

Finally, the ANN outputs were converted back into cross-
sectional profiles using inverse PCA, and a thresholding 
step was applied to re-sharpen contours. The images were 
then upscaled and smoothed using 2D Gaussian filtering, 
producing final predictions at original resolution.

A summary of the overall workflow, from pre-processing 
to prediction, is presented in Fig. 3.

  

3  Results

3.1  Performance indicators definition

To ensure a comprehensive and robust assessment of the 
model performance, a wide set of evaluation metrics was 
employed. These performance indicators were selected to 
provide complementary insights into prediction accuracy, 
and match those already used in previous works for consis-
tency and comparability. All metrics reflect standard defini-
tions, except for AMAPE, which differs slightly from the 
traditional MAPE and has been previously used in literature 
for analogous performance evaluations. For clarity, the fol-
lowing acronyms are reported. When a metric deviates from 
standard definitions, the corresponding formula is also pro-
vided in the text.

	● MAE (Mean Absolute Error).
	● MXAE (Maximum Absolute Error).
	● AMAPE (Adjusted Mean Absolute Percent Error).

AMAPE = Amis + Aexc

As
∗ 100 = 100 1

As

∑
m

∑
n

|Amn − Bmn|� (5)

	● MXAPE (Maximum Absolute Percent Error).
	● R² (Coefficient of Determination).

R =
∑

m

∑
n

(
Amn − Ā

) (
Bmn − B̄

)
√(∑

m

∑
n

(
Amn − Ā

)2)(
∑

m

∑
n

(
Bmn − B̄

)2) � (6)

In Eqs. 5 and  6, A is the predicted image and B is the experi-
mental one; Amn is the value of A in the pixel of coordinates 
(m, n) and Bmn is the value of B in the pixel of coordinates 
(m, n). In Eq. 5 Amis represents the area of the predicted 
bead that is missing with respect to the experimental cross-
section, while Aexc denotes the area of the predicted bead 
that does not overlap with the experimental cross-section. 
As is the total area of the experimental cross-section. In 
Eq.  6 Ā is the mean value of the predicted image and B̄ 
is the mean value of the experimental cross-section image.

the user to manually acquire multiple adjacent image tiles 
across the sample area using a manual stage and then stitch 
them into a single high-resolution composite image [38]. 
The resulting stitched images were used for all subsequent 
analysis.

2.4  Design and training of the artificial neural 
network

All the image processing, training, and testing operations 
were carried out using MATLAB® R2025a. The ANN archi-
tecture employed in this study was a multilayer perceptron 
with two hidden layers (5 and 10 neurons, respectively). 
Other models, such as traditional regression and Random 
Forest, have been outperformed by ANNs in analogous 
studies, even for simpler cases considering only bead width 
and height [39]. Convolutional Neural Networks (CNNs) 
are advantageous when the input consists of structured data, 
such as images or grids. They have been applied, for exam-
ple, to defect detection, geometric deviation control [40], 
and even bead geometry prediction. However, in the latter 
case, structured inputs have been used, i.e., molten pool data 
acquired from pyrometers or cameras [41]. In our case, the 
input consists solely of discrete process parameters, so the 
spatial feature extraction offered by CNNs is unnecessary.

Images were scaled down in size to reduce the computa-
tional effort while preserving the geometric characteristics 
needed for shape prediction. For single and superimposed 
beads, the image resolution was reduced to 64 × 64 pixels, 
while for adjacent beads, a slightly larger size of 128 × 128 
pixels was maintained, since the original images were wider 
due to the use of the “interactive panorama” function in the 
Zeiss ZEN software during acquisition. In all cases, Prin-
cipal Component Analysis (PCA) was applied after image 
pre-processing to further reduce dimensionality, improve 
training performance, and retain the most relevant geo-
metric features. This method has proven to be effective in 
similar applications and allows image matrices to be com-
pressed while preserving spatial information.

After PCA, all data were normalized between − 1 and 
1 to stabilize and accelerate the training. The ANN was 
trained using the Bayesian regularization backpropagation 
algorithm, well-suited for small datasets and for mitigating 
overfitting. For the hidden and output layers, the hyperbolic 
tangent sigmoid activation function was employed. The 
performance function was again set to Mean Squared Error 
(MSE).

A validation set was employed only for early stopping. 
It was observed that 10 training epochs led to good perfor-
mance across the more limited datasets used here (partic-
ularly in the case of superimposed and single beads), and 
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3.2  Network structure

The network architecture used in this study is illustrated in 
Fig. 4. Although the general structure is built upon previ-
ous works [31], maintaining the same number of layers and 
neurons, some adjustments were made in the input param-
eters to consider the peculiar aspects of the present study. 
Specifically, for the single and superimposed beads, the net-
work receives only two input parameters: layer height and 
screw speed. In contrast, for adjacent beads, the network 
incorporates an additional parameter, i.e. the center distance 
between beads.

3.3  Model performance evaluation

Figures 5, 6 and 7 present the visual comparison between 
predicted and experimental cross-sections for the testing 
samples, shown at their original resolution. Specifically, 
Fig. 5 shows results for single beads, included for general 
assessment purposes, while Figs. 6 and 7 report results for 
superimposed and adjacent beads, respectively. In these 
visualizations, white regions indicate overlapping areas 

Notably, AMAPE and the Intersection over Union (IoU) 
are closely related metrics. In fact, they would be comple-
mentary if not for the additional term in the IoU denomina-
tor corresponding to false positive material (Aexc) predicted 
by the simulation. In this work, AMAPE is retained for 
continuity with previous studies, while IoU is also reported 
because it is widely used in machine learning for bounding 
box regression [42] and in image segmentation [43]. This 
correspondence further reinforces the validity and robust-
ness of AMAPE as a metric, as it aligns with a standard 
measure for evaluating the quality of pixel-wise or geo-
metric predictions. Including both metrics provides a more 
comprehensive quantitative assessment of prediction accu-
racy and facilitates comparison with existing literature. The 
IoU is formally defined in Eq. 7.

IoU = A ∩ B

A ∪ B
= As − Amis

As + Aexc
� (7)

Fig. 3  Process workflow. a Image 
pre-processing and training of 
the ANN. Main phases: binary 
filtering, cropping, centering, 
alignment, downscaling, PCA 
and ANN training. b ANN 
prediction. Main phases: ANN 
prediction, inverse PCA, thresh-
olding, upscaling and Gaussian 
filtering [31]
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between prediction and experiment (i.e., accurate predic-
tion), cyan regions correspond to areas missed by the model, 
and red regions highlight material falsely predicted by the 
network.

These comparisons clearly show a strong agreement 
between predictions and experimental results. Beyond the 
performance indicators, the major geometric features, such 
as bead height, bead width, and more specific characteris-
tics of the general shape, including the curvature of single 
beads, the size change between the first and second bead in 
the superimposed configurations, and the presence and posi-
tion of small material accumulations where adjacent beads 
touch, can all be observed in Figs. 5, 6 and 7.

The main discrepancies occur in regions with sharp or 
irregular geometries. Notably, the cyan and red areas are 
small relative to the overall bead size, which indicates that 
the predictions are generally accurate. In Fig. 5, correspond-
ing to single beads, the highest accuracy is observed. Here, 
errors are mostly distributed along the bead edges, and 
the most noticeable difference is that the simulated beads 
appear smoother and lack some of the sharper features pres-
ent in the experimental images.

For superimposed beads (Fig.  6), the overall shape is 
well captured, but the prediction of the upper bead is less 
precise. Deviations are primarily found at the contact region 
between the two beads, the central top region, and the left 
and right ends of the upper bead.

Adjacent beads exhibit the largest errors due to the more 
complex physics involved. Unlike superimposed beads, 
where material is deposited on top of a previous layer, 
here the molten material interacts laterally with the already 
deposited bead, causing irregular geometries and slight 
upward protrusions. The model correctly identifies the loca-
tion of this accumulation, but the predicted bump is signifi-
cantly smoothed compared to the experimental bead and 
does not fully reproduce its actual shape. Prediction errors 
are also visible at the left and right extremities of the bead.

Table 6  Detailed ANN prediction results for all test samples, including input parameters, sample IDs, and performance indicators for single, super-
imposed, and adjacent bead configurations
Sample ID Layer height (mm) Screw speed (rpm) k ratio (mm2/rpm) Center distance (mm) MAE (mm2) AMAPE (%) R2 IoU
Single beads
 12 2.3 13 – – 14.721 8.305 0.950 0.912
 13 2.2 13 – – 16.593 9.362 0.943 0.909
Superimposed beads
 64-a 1.9 16 – – 13.465 7.597 0.950 0.926
 65-b 1.5 15 – – 21.509 12.135 0.920 0.887
 66-c 2.3 13 – – 17.937 10.112 0.935 0.903
Adjacent beads
 50 2 12 1.010 6.06 24.352 13.739 0.917 0.872
 51 1.6 14 1.020 8.93 22.493 12.690 0.923 0.880
 52 1.9 14 1.100 8.11 16.288 9.189 0.946 0.911
 53 2 12 1.140 6.84 26.142 14.749 0.909 0.863
 54 2 14 1.080 7.56 16.022 9.039 0.947 0.912

Fig. 5  Comparison of single beads experimental cross-sections and 
images generated by the ANN for test samples. a Sample ID 12. b 
Sample ID 13. Input parameters for each sample are reported in 
Table 6. Regions of accurate prediction are indicated in white while 
discrepancies are indicated in cyan and red

 

Fig. 4  Structure of the developed ANN
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Additionally, minor process instabilities and the limited 
positioning accuracy of the robot may introduce asymme-
tries. For single beads, high repeatability is sufficient, but in 
multi-bead configurations, such as superimposed and adja-
cent beads, the second bead is deposited in a different posi-
tion due to variations in layer height and center distance. 
This, combined with the more complex physical interac-
tions involved, results in slightly lower accuracy compared 
to single bead predictions.

Even when accounting for these factors, the ANN has 
intrinsic limitations. While it can capture complex patterns 

The sources of these errors can be traced to several 
aspects. The initial image downscaling, while necessary, 
leads to a loss of detail, and the same applies to the PCA 
compression stage. Although inverse PCA, upscaling, and 
Gaussian filtering are applied afterward, some information 
is inevitably lost during the earlier steps, which are essen-
tial to reduce computational effort. This results in predicted 
bead shapes that are significantly smoother than the experi-
mental ones and causes local features, such as sharp edges 
or small bumps, to appear less pronounced.

Fig. 7  Comparison of adjacent 
beads experimental cross-sections 
and images generated by the ANN 
for test samples. a Sample ID 50. 
b Sample ID 51. c Sample ID 52. 
d Sample ID 53. e Sample ID 54. 
Input parameters for each sample 
are reported in Table 6. Regions of 
accurate prediction are indicated 
in white while discrepancies are 
indicated in cyan and red

 

Fig. 6  Comparison of superim-
posed beads experimental cross-
sections and images generated 
by the ANN for test samples. a 
Sample ID 64. b Sample ID 65. c 
Sample ID 66. Input parameters 
for each sample are reported in 
Table 6. Regions of accurate pre-
diction are indicated in white while 
discrepancies are indicated in cyan 
and red
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were obtained by applying the full pre-processing pipeline 
to the raw images and then performing the post-processing 
to restore them to the original format, without performing 
the ANN-based prediction. The additional error introduced 
on average by the ANN is 2.06%, 3.54%, and 4.90% for the 
single, superimposed, and adjacent configurations, respec-
tively. These results indicate that the dominant contribution 
to the overall error originates from the pre-processing and 
post-processing steps rather than the ANN itself. However, 
separating the two contributions makes it clear that the ANN 
error becomes proportionally more significant for complex 
multi-bead configurations than for single beads. A summary 
of the results for each fold of the pre-processing-only evalu-
ation, as well as the additional error introduced by the ANN 
for all configurations, is reported in Table 4.

Overall, the numerical results support the visual evi-
dence, confirming that the proposed framework performs 
consistently well across different bead configurations. 
Extended performance data for each individual sample can 
be found in the Supplementary material (Table 5).

The results presented in this section demonstrate that the 
proposed framework is not only capable of accurately pre-
dicting the geometry of single beads, but also of modeling 
the formation of multiple beads, including both adjacent and 
superimposed configurations. This confirms that the ANN 
does not merely learn how a single bead forms but is also 
able to capture the interaction mechanisms between a newly 
deposited bead and a previously printed one, under varying 
process conditions.

Despite the limited size of the datasets, the consistency 
and accuracy of the predictions validate the effectiveness of 
the adopted approach. This robustness can be attributed both 
to the architecture of the ANN itself and to the data manage-
ment strategies implemented like the LKOCV strategy.

4  Conclusion and outlook

LFAM processes have been experiencing rapid growth in 
recent years. As these technologies mature, process control 
and the ability to predict the final properties of the printed 
components, first and foremost their geometry, are becoming 
increasingly important. In this study, we build upon previ-
ous work by not only, confirming the feasibility of cross-
section prediction in LFAM, but significantly expanding 
its scope. We demonstrate a novel data-efficient approach 
capable of generating entire FGF cross-sectional geometries 

within the training data, it does not encode the underlying 
physics of the deposition process, and architectures such as 
the multilayer perceptron used here naturally tend to pro-
duce smooth outputs [44]. Consequently, local deviations 
with strong variations are difficult to predict, and the net-
work cannot produce perfect results. This limitation also 
implies that extrapolation beyond the range of parameters 
used during training is expected to be less accurate, as the 
model can only interpolate within the space it has observed.

The quantitative performance of the model is summa-
rized in Table 5 corresponds to the single, superimposed, 
and adjacent bead configurations. The results obtained for 
single beads serve primarily as a consistency check and 
confirm the validity of the dataset, yielding an AMAPE of 
8.83%, which is remarkably close to the 8.88% reported in 
a previous work [31]. For the superimposed configuration, 
the average AMAPE under the LKOCV strategy is 9.95% 
± 1.86%, computed over the three different splits, which 
yield values of 7.60%, 12.13%, and 10.12% for samples 
ID64, ID65, and ID66, respectively. For the adjacent con-
figuration, the AMAPE value is 11.88%. Averaging across 
the three configurations, with equal weight given to each, 
results in an overall AMAPE of 10.22%. This confirms the 
general reliability of the framework across different deposi-
tion strategies. The MXAPE values are only 2–3% higher 
than their corresponding mean AMAPE, further supporting 
the robustness of the approach. Additionally, the R² values 
remain high across all cases, reaching approximately 0.93 
for both superimposed and adjacent beads. It is worth not-
ing that a substantial portion of the error originates from 
the pre-processing and post-processing steps applied to the 
images, i.e., downscaling, PCA, reverse PCA, upscaling, and 
Gaussian filtering. These steps contribute AMAPE values 
of 6.77%, 6.41%, and 6.98%, for the single, superimposed, 
and adjacent bead configurations, respectively. These values 

Table 4  Comparison of AMAPE contributions from pre-processing/
post-processing and ANN prediction
Configuration Pipeline-only

AMAPE
(%)

Pipeline + 
NN AMAPE
(%)

ANN increment
(%)

Single 6.77 8.83 2.06
Superimposed 6.41 9.95 3.54
Adjacent 6.98 11.88 4.90
The table reports the average error introduced by image pre-pro-
cessing and post-processing alone (downscaling, PCA/inverse PCA, 
upscaling, Gaussian filtering) and the additional error introduced by 
the ANN prediction for single, superimposed, and adjacent bead con-
figurations

Table 5  Summary of ANN prediction performance indicators
MAE (mm2) MXAE (mm2) AMAPE (%) MXAPE (%) R2 IoU

Single 15.66 16.59 8.83 9.36 0.946 0.911
Superimposed 17.64 21.51 9.95 12.13 0.935 0.905
Adjacent 21.06 26.14 11.88 14.75 0.928 0.888
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