International Journal of
Engineering Research
& Ilnnovation

Editor-in-Chief: Mark Rajai, Ph.D.
California State University Northridge

é(‘a{\onﬂ ASSOC{S,{'{; Pu b|IShed by the

3
& g

I J International Association of Journals & Conferences

o,
ot &
b, &

%y, s
Pals and CoN




~ Print ISSN: 2152-4157
" Online ISSN: 2152-4165

. 'INTERNW‘

ENGINEERINGmATIO

D ABOUT LJERI: D LJERI SUBMISSIONS:
« [JERI is the second official journal of the International » Manuscripts should be sent electronically to
Association of Journals and Conferences (IAJC). the manuscript editor, Dr. Philip Weinsier,

at philipw @bgsu.edu.

» [JERI is a high-quality, independent journal steered by
a distinguished board of directors and supported by an For submission guidelines visit
international review board representing many well- www.ijeri.org/submissions
known universities, colleges, and corporations in the
U.S. and abroad.

[[ TO JOIN THE REVIEW BOARD:

o IJERI has an impact factor of 1.58, placing it among
an elite group of most-cited engineering journals « Contact the chair of the International
worldwide. Review Board, Dr. Philip Weinsier, at
philipw @bgsu.edu.

For more information visit

| | OTHER 1AJC JOURNALS: www,iferi org/editorial
o The International Journal of Modern Engineering (IJME)
For more information visit www.ijme.us l:l INDEXING ORGANIZATIONS:
» The Technology Interface International Journal (TILJ) * IJERI is indexed by numerous agencies.
For more information visit www.tiij.org For a complete listing, please visit us at
WWW.ijeri.org.

Contact us: Mark Rajai, Ph.D.

Journal
Editor-in-Chief

California State University-Northridge |
College of Engineering and Computer Science

Room: JD 4510 E
Northridge, CA 91330 B = Eoineerin
Office: (818) 677-5003 — J
Email: mrajai@csun.edu

International




INTERNATIONAL JOURNAL OF ENGINEERING
RESEARCH AND INNOVATION

The INTERNATIONAL JOURNAL OF ENGINEERING RESEARCH AND EDITORIAL OFFICE:
INNOVATION (IJERI) is an independent and not-for-profit publication, which
aims to provide the engineering community with a resource and forum for scholar- Mark Rajai, Ph.D.

ly expression and reflection.

Editor-in-Chief
Office: (818) 677-2167

IJERI is published twice annually (fall and spring issues) and includes peer- Email: ijmeeditor@jiajc.org
reviewed research articles, editorials, and commentary that contribute to our un- Dept. of Manufacturing Systems
derstanding of the issues, problems, and research associated with engineering and Engineering & Management
related fields. The journal encourages the submission of manuscripts from private, California State University-
public, and academic sectors. The views expressed are those of the authors and do Northridge

not necessarily reflect the opinions of the IJERI editors.

18111 Nordhoff Street
Northridge, CA 91330-8332

THE INTERNATIONAL JOURNAL OF ENGINEERING

RESEARCH AND INNOVATION EDITORS

Editor-in-Chief:
Mark Rajai
California State University-Northridge

Production Editor:
Philip Weinsier

Bowling Green State University-Firelands

Manuscript Editor:
Philip Weinsier

Bowling Green State University-Firelands

Publisher:

Bowling Green State University Firelands

Web Administrator:
Saeed Namyar

Advanced Information Systems

Technical Editors:

Andrea Ofori-Boadu
North Carolina A&T State University

Michelle Brodke
Bowling Green State University-Firelands

Marilyn Dyrud
Oregon Institute of Technology

Mandar Khanal
Boise State University

Chris Kluse
Bowling Green State University

Zhaochao Li
Morehead State University

INTERNATIONAL JOURNAL OF ENGINEERING RESEARCH AND INNOVATION



TABLE OF CONTENTS

Editor’s Note: FDM, 3D, AM, FFF, DIY, AND VOGS .........cccccccuctmiiiiiiiiiiiiiiiit ettt e 3
Philip Weinsier, IJERI Manuscript Editor

Advancing Industry 4.0: Multimodal Sensor Fusion for AI-Based Fault Detection in 3D Printing.............ccccoocceuvvencveeeenennnns 5
Muhammad Fasih Waheed, Florida A&M University;

Shonda Bernadin, Florida A&M University;

Ali Hassan, Florida A&M University

Generating a Labeled 3D Box Dataset for Machine Learning to Localize @ BOX................c.cccoccvvvueeieniianieiieieeie e 15
Faruk Ahmed, University of Memphis;
Kevin Berisso, University of Memphis

Optimization of FDM Process Parameters for Tensile Strength Using Machine Learning

ANA EVOIUTIONATY ALGOTITAIMS. ..........ccooovieiieiieiieeee ettt ettt et he e b s et ae e e at e b e e b e e st e esbeetsesaeesbeesbeesseenseenseessenns 21
Jayson Francois, Florida A&M University;

Shonda Bernadin, Florida A&M University

Instructions for Authors: Manuscript Submission Guidelines and ReqUIFEIMENLS ................c..cceeveiceiioieiieiee e 31

2 INTERNATIONAL JOURNAL OF ENGINEERING RESEARCH AND INNOVATION | V17, N2, FALL/WINTER 2025



IN THis ISSUE (P.21)
FDM, 3D, AM, FFF, DIY, aAnp VOCs

Philip Weinsier, IJERI Manuscript Editor

When 1 first heard a colleague ‘
talking about additive manufacturing

(AM), I had no idea what she meant,
even though I was familiar with 3D |

printing. It never ceases to amaze me e 3
how we come up with such ;’,‘Eﬂm J e
descriptors but, sure, additive manu- (-
facturing now makes sense in that
there are plenty of different thermo-
plastic materials that can be used in

We

the process. For example: acrylonitrile butadiene styrene
(ABS), polylactic acid, polyethylene terephthalate glycol,
polycarbonate, and nylon. Beyond AM, I started hearing
about what I could only assume were different processes:
fused deposition modeling (FDM) and fused filament
fabrication (FFF), which, I discovered, were the same thing,
except that the acronym FDM was trademarked.

FDM was developed back in 1988 by Stratasys. But their
patent on their FDM technology expired in 2009 allowing
everyone to use this type of printing. Not long after, of
course, industry smelled blood in the water and commercial
FFF-based 3D printers got to work in the aerospace, auto-
motive, construction, electronics, energy, sports, textiles,
toys, and medical / pharmaceutical fields. By this time,
amateurs and institutions were having a field day with DIY
projects and open-source 3D printer designs. At its core, 3D
printing technology involves the use of a continuous fila-
ment of thermoplastic material, fed from a spool through a
heated printer extruder head, which melts the material and
deposits it layer by layer to create a three-dimensional
object. FDM printers are versatile, capable of printing with
a wide range of materials, and are user-friendly. Still, their
layer-by-layer deposition process can result in visible layer
lines and a rough finish as well as structural support parts
requiring removal at the end of the printing process.

For this process, users must consider
strength, temperature resistance, and
# 1 other properties, as well as the fact
i that the different materials come
| with different advantages and disad-
vantages. FDM printers and materi-
| als are relatively inexpensive, though
this hasn’t always been the case. 3D
printers that once cost $20,000 now
ZJcan be purchased for less than
$1000. Since 2017, several companies are selling parts for
users to build their own “RepRap” designs, which can be
built for as little as $100. But lest you think that AM is
without its risks, filament printers are dangerous to our
health and are a major source of volatile organic com-
pounds (VOCs), which are substances that easily dissolve in
the air. One study measured over 400 different types of
VOCs. 3D printers also emit particulate matter, made up of
particles that remain suspended in the air for a long period
of time, and ultrafine particles in the 1-100 nanometer
range. Such particles are small enough to lodge deep in the
respiratory system and be difficult for the body to get rid of.

In our featured article (p.21), the authors examined the
tensile properties of ABS components manufactured via
FDM. Test specimens were printed using systematically
varied combinations of extrusion temperature, layer thick-
ness, and infill density. The resulting tensile data were then
used to train several regression models. Among the
approaches examined, gradient boosting, support vector
regression, and polynomial regression proved to be the most
dependable, each accounting for more than 86% of the vari-
ation in measured strength. These trained models were then
paired with evolutionary optimization methods to search for
printing conditions that would yield higher-performing
parts. Multiple optimizers converged on parameter regions
associated with predicted tensile strengths in the upper 30-
megapascal range. From this study, the authors confirmed
that pairing machine learning with evolutionary search
methods provides an efficient approach to enhancing the
tensile performance of ABS components produced by FDM.

Epitor’s NoTE (IN THis Issug): FDM, 3D, AM, FFF, DIY, anp VOCs 3
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ADVANCING INDUSTRY 4.0:
MULTIMODAL SENSOR FUSION FOR
AI-BASED FAuULT DETECTION IN 3D PRINTING

Muhammad Fasih Waheed, Florida A&M University; Shonda Bernadin, Florida A&M University; Ali Hassan, Florida A&M University

Abstract

Additive manufacturing, particularly fused deposition
modeling, is transforming modern production by enabling
rapid prototyping and complex part fabrication. However,
its layer-by-layer process remains vulnerable to faults such
as nozzle clogging, filament runout, and layer misalign-
ment, which compromise print quality and reliability.
Traditional inspection methods are costly, time-intensive,
and often limited to post-process analysis, making them
unsuitable for real-time intervention. In this current study,
the authors developed a novel, low-cost, and portable fault-
detection system that leverages multimodal sensor fusion
and artificial intelligence for real-time monitoring in
FDM-based 3D printing.

The system integrates acoustic, vibration, and thermal
sensing into a non-intrusive architecture, capturing comple-
mentary data streams that reflect both mechanical and
process-related anomalies. Acoustic and thermal sensors
operate in a fully contactless manner, while the vibration
sensor requires minimal attachment such that it will not
interfere with printer hardware, thereby preserving portabil-
ity and ease of deployment. The multimodal signals are
processed into spectrograms and time-frequency features,
which are classified using convolutional neural networks for
intelligent fault detection. The proposed system advances
Industry 4.0 objectives by offering an affordable, scalable,
and practical monitoring solution that improves fault-
detection accuracy, reduces waste, and supports sustainable,
adaptive manufacturing.

Introduction

Additive manufacturing (AM), driven by advancements in
digital design and automation, is increasingly revolutioniz-
ing the production landscape by enabling rapid prototyping,
personalized fabrication, and material-efficient processes.
Among the various AM modalities, fused deposition
modeling (FDM) holds a prominent position, due to its
cost-effectiveness, material flexibility, and widespread
accessibility in both industrial and research contexts.
Despite these advantages, FDM processes remain vulnera-
ble to a spectrum of faults, ranging from nozzle clogging
and filament runout to layer shifting and misalignment,
which compromise geometrical fidelity, mechanical proper-
ties, and functional integrity of manufactured parts
(Sampedro, Rachmawati, Kim & Lee, 2022; Deokar, Kumar
& Singh, 2025).

The complex interplay of thermal, mechanical, and
dynamic factors during layer-wise deposition introduces
numerous opportunities for process instability. For instance,
variations in extrusion temperature, inaccuracies in move-
ment axes, and inconsistent filament flow can lead to
surface defects, dimensional errors, and even print failure.
Causality-guided models and multi-parameter approaches
have shown practical value for improving accuracy in fault
diagnosis models deployed for FDM, indicating that both
material and hardware factors must be inclusively
considered. Moreover, faults such as warped layers often
arise, due to improper cooling rates or uneven thermal
distribution, making traditional post-process analysis
increasingly impractical for high-yield operations (Deokar
et al., 2025).

Historically, quality assurance in FDM relied on post-
production inspection techniques such as surface profilome-
try, optical metrology, and destructive mechanical testing.
While effective for evaluating final parts, these methods are
inherently reactive, expensive, and labor-intensive, and do
not provide the intervention needed for real-time process
optimization. The emergence of sensor-based process
monitoring systems represents a paradigm shift. Early
approaches deployed single-mode sensors such as accel-
erometers or acoustic emission microphones to monitor
vibrations, temperature fluctuations, and mechanical anoma-
lies. However, single-modal sensing often struggles to
robustly generalize fault detection across diverse machines,
materials, and operational contexts (Petrich, Snow, Corbin
& Reutzel, 2021).

Recent advancements have shifted toward multimodal
sensor fusion frameworks, which combine heterogeneous
data streams for comprehensive characterization of AM
processes. Integrating acoustic, vibration, thermal, and even
image-based data has been shown to improve anomaly
detection and localization, outperforming single-modality
systems in accuracy and adaptability. For example,
Sampedro et al. (2022) demonstrated data-driven methodol-
ogies using thermocouples, infrared thermometers, and
accelerometers to extract time-frequency features for predic-
tive quality monitoring in FDM, while Kousiatza and
Karalekas (2016) deployed fiber Bragg grating sensors for
spatial temperature and strain mapping. Digital twin
systems have further enhanced real-time process monitor-
ing, anomaly detection, and autonomous control; cost-
effective digital-twin architectures have demonstrated
reliable interventions for quality assurance at scale
(Shomenov, Ali, Jyeniskhan, Al-Ashaab & Shehab, 2025).
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Artificial intelligence, particularly machine learning and
deep learning algorithms, now plays a central role in
sensor-based monitoring for AM. Convolutional neural
networks (CNNs), SVMs, and deep adversarial learning
models have been applied to spectrogram and time-
frequency representations of multimodal sensor signals,
yielding superior fault discrimination and process diagnos-
tics. Kadam, Kumar, Bongale, Wazarkar, Kamat, and Patil
(2021) achieved maximum accuracy in fault diagnosis by
integrating SVM with pre-trained AlexNet models for layer-
wise defect detection, a strategy effective both in offline
training and online implementation (Tan, Huang, Liu, Li &
Wu, 2023). Despite promising results, several key limita-
tions persist.

Many deployed systems remain non-portable, intrusive,
or cost-prohibitive, and struggle to generalize across differ-
ent printer architectures and materials. Moreover, few
systems robustly support closed-loop control for real-time
intervention and process optimization. Addressing these
gaps is critical to advancing scalable, adaptive, and intelli-
gent manufacturing (Behseresht, Love, Valdez Pastrana &
Park, 2024). In this context, the authors of this current study
introduce a novel, portable, and low-cost multimodal sensor
fusion system for real-time fault detection in FDM process-
es. The system integrates acoustic, vibration, and thermal
sensing in a combination of contactless and minimally intru-
sive configurations, enabling seamless deployment across
heterogeneous printer environments without hardware
modification. Unlike traditional monitoring systems that
rely on expensive instrumentation or are restricted to specif-
ic platforms, this approach emphasizes accessibility,
scalability, and adaptability.

Al-driven classification of spectrogram and time-
frequency features ensures robust anomaly detection and
real-time process feedback, addressing common faults such
as nozzle clogging, filament runout, and layer misalign-
ment. By leveraging multimodal inputs, the system
compensates for the limitations of individual sensors,
achieving higher resilience to environmental noise and
variability in operating conditions. Beyond technical
improvements, the proposed framework directly supports
Industry 4.0 objectives by advancing sustainable, automat-
ed, and data-driven manufacturing. It contributes to reduc-
ing material waste, lowering energy consumption, and
improving production efficiency, thereby promoting wider
adoption of additive manufacturing in industrial, research,
and educational settings (Chen, Yao, Feng, Chew & Moon,
2023).

To address these challenges, the objective of this research
study was to design and validate a portable, low-cost, and
minimally intrusive fault-detection framework for
FDM-based 3D printing using multimodal sensor fusion.
Specifically, the goals were to: (1) develop an integrated
sensing architecture to combine acoustic, vibration, and
thermal data for comprehensive process monitoring;

(2) transform multimodal signals into time-frequency
representations suitable for Al-based analysis; and, (3)
implement and assess convolutional neural network models
for real-time classification of common FDM faults. Through
these goals, the authors sought to advance accessible, scala-
ble, and intelligent quality-assurance solutions aligned with
Industry 4.0 manufacturing environments.

Background

Fused deposition modeling (FDM) presents a complex
thermo-mechanical environment in which subtle variations
in heat transfer, polymer flow, and toolpath execution
influence part quality. In the Introduction section above, the
authors outlines general challenges and common faults; the
deeper technical mechanisms underlying these issues,
however, warrant further examination. FDM  stability
depends strongly on the transient thermal field around the
nozzle and build surface, the viscoelastic behavior of semi-
molten filament during deposition, and the synchronized
operation of motion subsystems. Studies in process physics
have shown that small deviations in these domains
propagate through subsequent layers, amplifying geometric
error, interlayer weakness, and surface discontinuities
(Ramirez, Marquez & Papaelias, 2023). Understanding
these mechanisms has driven the progression from simple
monitoring strategies to sophisticated, sensor-rich diagnos-
tic frameworks.

Traditional approaches to ensuring print quality, such as
CT scans, tensile testing, and surface profilometry, have
primarily served to verify final part performance rather than
monitor the evolving state of the print. Their value lies in
precision and detail, but they do not illuminate transient
process signatures such as thermal drift, extrusion instabil-
ity, or resonance events occurring during printing
(Fu, Downey, Yuan, Pratt & Balogun, 2021). As production
requirements have shifted toward higher throughput and
reduced scrap, this gap between process and product analy-
sis has motivated research into proactive, process-embedded
measurement techniques.

In response to the limitations of isolated measurements,
the field has recently gravitated toward data-centric
monitoring and multimodal sensor fusion as a more compre-
hensive solution. By integrating complementary data
streams, such as acoustic emissions, vibration signatures,
and thermal readings, researchers have demonstrated
improved fault classification accuracy and more reliable
characterization of printing states compared to single-
modality systems (Kumar, Kolekar, Patil, Bongale,
Kotecha, Zaguia & Prakash, 2022). Furthermore, combining
these sensor frameworks with modern artificial intelligence
(Al) techniques, specifically convolutional neural networks
(CNNs), allows researchers to leverage time-frequency
features such as spectrograms to achieve robust, automated
anomaly detection aligned with the goals of Industry 4.0 for
intelligent, connected manufacturing.
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Methodology

The proposed fault-detection framework was developed
as a portable, low-cost, and adaptable solution for
FDM-based 3D printers, with two scalable configurations
designed to balance simplicity, accuracy, and deployment
flexibility. The first, referred to as the Acoustic Baseline
System, employed only airborne sound sensing to demon-
strate feasibility. The second, the Hybrid Fusion System,
expanded coverage by combining acoustic, vibration, and
thermal modalities for robust multimodal monitoring. The
Acoustic Baseline System consisted of two condenser
microphones arranged as a stereo pair, placed 10 cm apart
near the printhead to provide directional sensitivity and
reduce environmental noise. The microphones interfaced
with a USB sound card connected to a personal computer or
a single-board computer, such as a Raspberry Pi, which
handled acquisition and signal processing. Data collection
was implemented through Python-based libraries such as
PyAudio and SoundDevice, allowing dual-channel acquisi-
tion in real time.

Preprocessing steps included bandpass filtering to isolate
the relevant frequency band (100-1000 Hz) and normaliza-
tion to standardize signal intensity across recordings. The
filtered audio was then transformed into spectrograms using
short-time Fourier transform (STFT) or Mel-frequency
representations that served as inputs to a convolutional neu-
ral network (CNN). The CNN, implemented through the
Google Teachable Machine platform and exported to
TensorFlow, performed automated classification of normal
and faulty states. This setup demonstrated that a minimal
hardware footprint was sufficient to identify common
anomalies, though its scope was inherently restricted to
acoustic signatures and its accuracy was influenced by
ambient noise conditions.

The Hybrid Fusion System added a triaxial accelerometer
(ADXL335) and a thermal camera (FLIR One Pro). The
accelerometer was mounted on the extruder carriage or
gantry to measure mechanical vibrations associated with
hardware issues such as layer shifts, belt wear, or resonance.
Vibration data, sampled through an analog-to-digital
converter and processed in Python, provided valuable
insight into machine stability that acoustic sensing alone
cannot reliably capture. The thermal camera was positioned
externally with line-of-sight to the extruder region. Thermal
data were captured in grayscale frames at low frame rates
sufficient to detect anomalies such as nozzle overheating,
cold extrusion zones, and uneven thermal drift across long
builds. These thermal patterns could be analyzed inde-
pendently for anomaly detection or fused into the CNN
pipeline alongside acoustic and vibration data to improve
classification performance. By combining these three sens-
ing modalities, the Hybrid Fusion System produced a richer
representation of the printing process and significantly
improved resilience against environmental noise, sensor
placement variability, and machine-to-machine differences.

The acoustic channel provided non-intrusive monitoring,
the accelerometer added direct mechanical diagnostics with
minimal attachment, and the thermal camera captured ther-
mal anomalies without interfering with the print. Multimod-
al fusion of time-frequency features enhanced fault-
detection robustness compared to unimodal systems,
addressing limitations in portability and generalizability
reported in previous studies. To evaluate the strengths and
limitations of each individual sensing modality, a structured
comparison was performed across eight common FDM fault
types. No single sensor demonstrated consistently high
sensitivity across all fault categories. Acoustic sensing
performed well for extrusion-related anomalies such as
material runout and nozzle clogs, but it was less reliable for
mechanically induced faults such as belt slip or layer shifts.
The accelerometer exceled at detecting mechanical failures
but provided little insight into thermal irregularities.

Thermal imaging, in contrast, identified hot-end drift or
cooling faults but contributed minimally to vibration-driven
failures. This variability across modalities highlights the
limitations of relying on a single sensor and directly moti-
vated the need for a multimodal fusion strategy. The fusion
approach leveraged the complementary strengths of all three
sensors, thereby improving reliability, expanding fault
coverage, and enabling robust detection even under variable
environmental or machine conditions. The comparison
between both systems highlights the trade-off between
simplicity and accuracy. The Acoustic Baseline System
offers a simple and cost-effective entry point for fault detec-
tion that can be rapidly deployed across any FDM printer.
However, it is limited to acoustic anomalies and sensitive to
environmental interference. In contrast, the Hybrid Fusion
System increases hardware complexity and cost but
achieves more reliable classification by leveraging multi-
modal data streams. Table 1 shows a side-by-side summary
of the two configurations presented.

Table 1. Comparison of the Acoustic Baseline and Hybrid Fusion
systems.

F Acoustic Baseline Hybrid Fusion
eature
System System
Stereo microphones +
Two condenser o
Sensors - triaxial accelerometer +
microphones (stereo)
thermal camera
Same + accelerometer
Hardware USB sound gard, PCor with ADC + thermal
Raspberry Pi
camera
. Python (STFT, vibration
Software gyl\%l\%n (PyAudio, STFT, FFT, thermal image
processing, CNN)
Advantages Simple, low-cost, rapid | High accuracy, robust.—
deployment ness, multimodal sensing
Limitations Ac'oustlc—o'n'ly; Higher cost and
noise-sensitive complexity
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Figure 1 illustrates the comparative fault-detection capa-
bility using multimodal sensor data. Figure 2 shows a
system flow diagram of the proposed fault-detection frame-
work for a hybrid fusion system. Input variables were
collected from three sensing modalities: acoustic signals,
accelerometer data, and thermal imaging. Acoustic and
vibration signals were transformed into time-frequency
representations using fast Fourier transform (FFT), while
thermal data were provided as grayscale frames. These
processed inputs were passed into a CNN that performed
feature extraction, pattern recognition, and fault classifica-
tion. The CNN was trained on spectrograms and images
derived from both normal and faulty printing conditions,
allowing it to generalize across multiple fault types. The
model produced probability outputs for each class, and fault
conditions were flagged when the probability exceeded a
defined threshold (e.g., 80%). This framework enables real-
time, Al-based monitoring of FDM printing processes and
supports early intervention to reduce material waste and
downtime.

No sensor type works well for all tasks and in all conditions, Hence sensor fusion is necessary
for redundancy.
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Figure 1. Comparative fault detection capability across multimodal
sensors in FDM printing.
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Figure 2. System flow diagram for a hybrid fusion system.

Output Variables

Figure 3 shows two condenser microphones, highlighted
with red arrows, which were placed 10 cm apart near the
extruder to capture stereo acoustic signals for fault detec-
tion. This configuration enabled directional sensitivity by
exploiting amplitude differences between the two channels,
while also reducing the influence of background noise.

b\

Figure 3. Microphones installed on the FDM machine.

The prototype device, discussed later, had the micro-
phones built in and, for experimentation purposes, were
installed on the printer. Figure 4 shows the microphones
connected to a sound card and, subsequently, to a Raspberry
Pi or personal computer for real-time acquisition. By
converting raw audio signals into these representations, the
monitoring system was able to extract discriminative
features that served as inputs for the CNN classifier. This
combination of FFT-based spectral analysis and spectro-
gram visualization formed the basis of robust acoustic fault
detection in the proposed framework.

Figure 4. USB sound card for dual-channel recording.

The dual-configuration monitoring system incorporated
stereo microphones, a triaxial accelerometer, and a compact
thermal camera. Strategic placement of these sensors
ensured accurate signal capture, fault detection, and process
localization. Two identical condenser microphones were
connected to a stereo sound card, arranged as described
earlier. This setting enabled directional fault localization by
comparing amplitude differences between channels,
allowing detection of events such as filament slips or
stepper motor skips.
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For vibration monitoring, an ADXL335 analog triaxial
accelerometer was rigidly attached to the extruder carriage.
This placement maximized sensitivity to vibrations generat-
ed by belts, guide rails, and stepper motors. The accelerom-
eter signals were routed through an Arduino interface,
enabling detection of faults such as backlash, loose belts, or
resonance artifacts. Thermal monitoring was achieved using
a compact USB-based thermal camera (FLIR Pro), mounted
externally with an unobstructed view of the nozzle.
Positioned 15-30 cm away, the camera was fixed on a frame
to provide consistent alignment. The thermal data allowed
detection of cold nozzles, overheating zones, and uneven
extrusion temperatures, supporting real-time inference of
clogs or flow irregularities. Table 2 shows a summary of
sensor placement and purpose.

Table 2. Summary of sensor placement and purpose.

Sensor Placement Purpose Notes
ACOll.StIC. fault. Avoid fan
. 10 cm apart, localization via .
Dual Mics . . airflow and
facing extruder |amplitude
. frame echoes
difference
. Detects fine .
ADXL335 On printhead/ mechanical Requires secure
gantry o attachment
vibrations
Thermal | Outside printer, Detects heating A.VO.ld obstruc
. faults, thermal tion; calibrate
Camera facing extruder . .
drift ambient

A computer system served as the primary data collection
and processing device. The system handled acquisition from
all sensor channels, performed preprocessing such as filter-
ing and spectrogram generation, and executed CNN-based
fault classification in real time. Figures 5 and 6 show the
PCB for the Raspberry Pi-based portable system that was
developed.
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Figure 5. PCB layout of sensor fusion.

Figure 7 shows a schematic diagram for the interface
between both the audio sensor and the triaxial accelerome-
ter, with input signals routed through the Raspberry Pi head-
er for real-time processing. The Raspberry Pi performed
signal preprocessing and fault classification, while the PCB
provided immediate user feedback through a fault-

indication LED and buzzer whenever an anomaly was
detected. Although the buzzer/LED combination served as a
rapid hardware-level alert, the type and classification of the
fault were displayed on the Raspberry Pi’s graphical user
interface (GUI), ensuring both quick detection and detailed
reporting. This integrated design enabled seamless multi-
modal data acquisition and real-time fault indication within
a compact, low-cost framework suitable for deployment on
FDM 3D printers.
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Figure 7. Schematic diagram of PCB.

The raw acoustic and vibration signals acquired from the
sensors were first passed through a bandpass filter to isolate
the frequency range most relevant to fault detection. Figure
8 shows a 100-1000 Hz window that was selected for the
audio channel, as this range effectively captured extrusion-
related noise while reducing interference from background
sources such as fans or ambient environmental sounds.
Similarly, vibration signals were filtered to emphasize
machine-induced oscillations and suppress unrelated high-
frequency noise.

Following filtering, the processed signal files were used
as inputs to the Google Teachable Machine platform, which
automatically converted the time-domain signals into spec-
trograms. These spectrograms represented the energy distri-
bution of the signals across both time and frequency,
providing a richer feature space compared to raw wave-
forms. Once generated, the spectrograms were normalized
and resized to maintain uniform dimensions suitable for
CNN processing. The CNN extracted relevant patterns
associated with normal and faulty conditions, enabling
robust classification of nozzle clogging, filament runout,
and other print anomalies.
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(a) Baseline noise.

(c) Filtered Sound.

Figure 8. Audio Spectrogram before and after filtering.

Experimental Setup

The experimental framework combined consumer-grade
and research-oriented tools to implement and validate the
proposed multimodal fault-detection system. A Makerbot
Method X FDM printer was used along with a Windows
operating system laptop that served as the primary data
collection and processing device. Acoustic signals were
recorded using a sound card connected to the stereo
microphone array, with data acquired and stored for
subsequent analysis. Signal preprocessing was performed in
MATLAB, where a bandpass filter (100-1000 Hz) was
applied to isolate extrusion-related acoustic features and
suppress irrelevant noise. The filtered audio files were then
imported into Google Teachable Machine, accessed through
the Chrome browser, which converted them into spectro-
grams and used them as inputs for CNN training and
inference.

Thermal data were collected using a FLIR One Pro
thermal camera paired with an Android smartphone. The
thermal behavior of the 3D printer, particularly nozzle heat-
ing and extrusion zones, was screen-recorded during opera-
tion. These thermal recordings were segmented into repre-
sentative frames and uploaded into Teachable Machine’s
image-classification module, where they were processed by
a CNN for anomaly detection. For vibration monitoring, an
ADXL335 triaxial accelerometer was connected to an
Arduino Uno, providing real-time acceleration data along
the X, Y, and Z axes. The signals were visualized using the
Arduino IDE’s serial plotter, and the resulting vibration
graphs were screen-recorded. These recordings were then
converted into image datasets and uploaded to Teachable
Machine, where they were used for CNN-based classifica-
tion of mechanical anomalies. To simplify the proof-of-
concept phase, the experiments focused only on extruder-
related faults and material runout conditions. These scenari-
os were selected because they represent common failure
modes in FDM printing and provide clear signatures across
acoustic, vibration, and thermal sensing modalities. By
limiting the initial tests to these conditions, the system could
be validated in a controlled manner, while simultaneously
demonstrating its potential for broader fault detection in
future studies.

Results

The training of the CNN model on filtered audio files
demonstrated rapid convergence, as shown in the accuracy
and loss curves. Figure 9 shows that classification accuracy
increased sharply within the first 10 epochs and stabilizing
thereafter. Training accuracy approached near-perfect
levels, while validation (test) accuracy plateaued around
0.90, indicating reliable generalization to unseen data. The
corresponding loss curves further support this trend. Both
training and test losses decreased significantly during the
early epochs, with training loss dropping close to zero and
validation loss stabilizing around 0.2 after approximately
15 epochs. This reflects effective feature learning without
significant evidence of overfitting, as the validation loss
maintained a downward trend and did not diverge from the
training loss. Figure 10 shows how the trained audio-based
CNN model demonstrated strong capability in distinguish-
ing extrusion faults, as indicated by its detection of the
extruder operating without material at 100% accuracy.

During repeated testing, the model consistently main-
tained a high accuracy level, typically ranging between 90%
and 100%. Minor fluctuations were observed, which could
be attributed to environmental noise or subtle variations in
the acoustic profile across trials. While the audio-only
system provided a solid baseline for fault detection, its
sensitivity to external interference highlights the need for
enhanced robustness. This motivated the incorporation of
multimodal sensor fusion, where complementary data from
vibration and thermal sensors could reinforce classification
reliability and reduce the risk of misclassification.
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Figure 9. Training and validation accuracy and loss per epoch for
audio-based CNN classification.

Figure 10 further shows that the CNN, trained on acoustic
features, was able to identify the extrusion-with-material
condition reliably, though the accuracy varied between 85%
and 95% in repeated tests. This variation was attributed to
ambient noise and the similarity of acoustic signatures with
other machine states. These results emphasized the strength
of the audio-based approach, while also highlighting the
potential improvements achievable through multimodal
sensor fusion. Thermal imaging provided a clear and inter-
pretable signature of extrusion states. Figure 11 shows that,
during normal operation, the nozzle displayed a stable ther-
mal profile with consistent heating at the extrusion zone,
confirming steady material flow. Figure 12, in contrast,
shows that the clogged or material runout condition was
characterized by localized overheating around the nozzle
and a lack of downstream thermal continuity, reflecting the
absence of deposited filament. These differences make ther-
mal data highly effective for distinguishing extrusion faults
in real time. However, thermal imaging alone may be influ-
enced by ambient temperature variations, camera angle, or
resolution limitations. As such, while thermal cues provide
strong evidence of extrusion anomalies, integrating them
with acoustic and vibration data through multimodal sensor
fusion can substantially enhance fault-detection accuracy
and robustness across diverse printing environments.
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(a) Extruder with material.
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(b) Extruder without material.

Figure 10. Real-time classification output shows the extruder
operating with and without material. Note the classification
accuracies are 89% and 100%, respectively.

Figure 13 shows that, for further processing, thermal
recordings from the FLIR One Pro were segmented into
representative frames and uploaded to Teachable Machine
for model training and testing. Two primary classes were
created: extrusion with material and extrusion without
material, as illustrated in the dataset samples. The platform
converted these thermal images into feature-rich representa-
tions suitable for CNN processing. During testing, the
model was able to clearly differentiate between the two
states, achieving 100-percent classification accuracy under
controlled conditions. Figure 14 shows the strong contrast in
heat distribution patterns between normal extrusion and
material runout that provided reliable cues for fault detec-
tion, demonstrating that thermal imaging is a highly effec-
tive modality for identifying extrusion-related anomalies in
real time.
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Figure 11. Normal extrusion. Note that the material coming out
from the extruder is warmer than surroundings.

Figure 12. Material run-out condition. Note that the extruder is
warm but there is no extrusion of material—old material is losing
heat.

The accelerometer channel did not yield significant
results during the initial tests, as the extrusion process
involved very little movement in each axis. This limited
vibration activity made it difficult for the sensor to capture
discriminative features for fault detection under the chosen
test conditions. However, the accelerometer is expected to
be more effective in future experiments involving dynamic
carriage movements, belt-driven faults, or mechanical insta-
bilities, where vibration signatures are more pronounced.
Incorporating such scenarios will allow the vibration modal-
ity to contribute meaningfully to the multimodal fusion
framework.
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a) Thermal imaging samples with material.
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b) Thermal imaging samples without material.

Figure 13. Thermal dataset samples uploaded to Teachable
Machine for model training.
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Figure 14. Real-time classification output from thermal imaging
shows the extruder without material detected with 100% accuracy.
The model successfully identified the absence of extrusion flow,
based on distinct thermal patterns around the nozzle.

Conclusions

In this study, the authors introduced and validated a porta-
ble, low-cost, and Al-driven fault-detection system for fused
deposition modeling (FDM) that leveraged multimodal
sensor fusion. By combining acoustic, vibration, and
thermal sensing in complementary configurations, the
proposed framework demonstrated strong potential for over-
coming the limitations of single-modality monitoring.
Experimental results showed that the acoustic-only system
provided a solid baseline for anomaly detection, while the
hybrid fusion system significantly improved robustness and
classification accuracy by mitigating noise sensitivity and
capturing broader process signatures. A quantitative
comparison with existing approaches showed that the
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proposed multimodal fusion system performed competitive-
ly with, and in some cases exceeded, state-of-the-art
methods. In prior studies of vibration-only systems, Mishra,
Powers, and Kate (2023) reported classification accuracies
of approximately 92 percent for detecting nozzle blockage
and filament anomalies, while Kumar et al., (2022) looked
at multimodal systems integrating acoustic, thermal, and
current sensing and found that they typically achieved 90 to
94 percent accuracy, though often requiring specialized data
acquisition hardware and intrusive sensor placement.

In comparison, their acoustic-only baseline system
achieved 85 to 95 percent class-wise accuracy, depending
on ambient noise, while the thermal imaging subsystem
reached 100 percent accuracy in distinguishing extrusion
versus non-extrusion states under controlled conditions.
Although accelerometer data were less informative during
static extrusion, the combined multimodal architecture was
expected to yield 90 to 95 percent accuracy, while remain-
ing fully portable, non-intrusive, and being relatively low in
cost. This quantitative comparison underscores the benefits
of multimodal sensing in achieving a strong balance of
accuracy, affordability, and ease of deployment.

The CNN-based classification pipeline effectively trans-
lated sensor signals into actionable insights, enabling real-
time detection of nozzle clogging, filament runout, and
extrusion anomalies. Thermal imaging further enhanced
interpretability of fault states and vibration sensing, while
being less effective in static extrusion tests; it was, nonethe-
less, expected to contribute meaningfully under dynamic
machine conditions. Together, these modalities establish a
scalable monitoring solution that is minimally intrusive,
adaptable across heterogeneous platforms, and aligned with
Industry 4.0 principles. Beyond technical contributions, the
system directly supports sustainability goals by reducing
waste, preventing failed builds, and extending the reliability
of additive manufacturing. With further refinement, particu-
larly in integrating vibration features, expanding datasets,
and exploring closed-loop control mechanisms, this frame-
work can evolve into a fully autonomous quality assurance
system. Ultimately, the presented approach advances the
vision of intelligent, data-driven manufacturing systems
capable of supporting industrial, research, and educational
applications at scale.
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GENERATING A LABELED 3D Box DATASET
FOR MACHINE LEARNING TO LOCALIZE A BoXx

Faruk Ahmed, University of Memphis; Kevin Berisso, University of Memphis

Abstract

Automatically localizing a box of different sizes using
machine learning (ML) requires a dataset to train an ML
model. Figure 1 shows SICK’s Visionary-T 3D camera
(Visionary-T - Archive | SICK, n.d.) that natively offers
only a binary indication of whether an object matches a
predefined box size, leaving position, orientation, and
dimensional estimation unaddressed. To bridge this gap, a
comprehensive workflow was devised in this current study
to capture and annotate point-cloud data for boxes of differ-
ent sizes and aspect ratios. Three hundred scenes were
recorded under varying distances and viewpoints then
processed by an automatic labeling pipeline that inferred
each box’s six-degree-of-freedom pose and edge lengths.
The automated procedure yielded valid annotations for
roughly 25 % of the samples, producing an initial, openly
available dataset that could be progressively refined through
human verification. Once corrected, the dataset enabled the
training of ML models capable of simultaneously estimating
position, orientation, and size, thereby facilitating accurate
grasp planning and collision-free manipulation for industrial
robotic hands. This resource can accelerate research on 3D
perception, lower the entry barrier for experimentation, and
pave the way for fully data-driven box-handling solutions in
automated logistics.

Figure 1. Visionary-T 3D camera from SICK.

Problem Statement

The objective of this study was to accurately predict the
position, orientation, and size of a box within a 3D scene—a
task that is inherently complex. A point cloud image is
necessary for this type of prediction, because the point
cloud keeps the depth information along with 2D infor-
mation. The point cloud image of Figure 2 illustrates a
typical scenario in which the mesh represents the overall
area of a box that is located on the floor. In real-world
settings, the presence of other objects further complicates

the challenge, as the system must first identify which object
in the scene is the box. Once the box is correctly detected,
the next step is to estimate its spatial position, orientation,
and dimension.

Figure 2. A sample point cloud showing the mesh.

Solution Strategy

For the task of box localization, the development of a
suitable dataset requires systematic collection of point cloud
data from boxes of varying sizes. The experimental design
involves positioning boxes at different distances and orien-
tations, with their physical dimensions measured in advance
to ensure accurate ground truth. The acquired point cloud
data undergoes initial automatic annotation, followed by
manual refinement using labelCloud software to correct
errors and ensure high-quality labels (Sager, Zschech &
Kiihl, 2021; Sager, Zschech & Kiihl, 2022). All image and
point cloud acquisitions in this study were performed on a
workstation running Ubuntu 24.04. The data processing
pipeline integrated OpenCV and Open3D, along with
Python libraries specific to SICK devices, to enable acquisi-
tion, visualization, and annotation of the 3D data.

Literature Review

Detecting box-shaped objects in 3D point clouds is criti-
cal in computer vision, robotics, autonomous navigation,
and industrial automation (Fan, Cao, Liu, Li, Deng, Sun &
Peng, 2024; Paigwar, Erkent, Wolf & Laugier, 2019; Sapko-
ta, Roumeliotis, Cheppally, Calero & Karkee, 2025). Unlike
2D detection, the challenges in 3D arise from sparsity,
occlusion, noise, and the unstructured nature of point cloud
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data (Sha, Gao, Zeng, Li, Li, Zhang & Wang, 2024; Shao,
Sun, Tan & Yan, 2023). Early research focused on hand-
crafted geometric features such as curvature, surface
normals, and spin images, combined with classical classifi-
ers like random forests and support vector machines
(SVMs) (Rusu, Blodow & Beetz, 2009). For box detection,
algorithms such as RANSAC (random sample consensus)
and Hough Transform were widely applied to fit geometric
primitives (Schnabel, Wahl & Klein, 2007). These
approaches, however, are sensitive to noise and demand
extensive parameter tuning.

The introduction of deep learning transformed point cloud
analysis. Architectures like PointNet and PointNet++ (Qi,
Su, Kaichun & Guibas, 2017) process raw points directly,
learning both local and global features without the need for
voxelization. VoteNet (Qi, Litany, He & Guibas, 2019) ex-
tended this to 3D bounding box regression by combining
learned features with a Hough voting scheme, enabling ac-
curate estimation of object centers, dimensions, and orienta-
tions. Voxelization offers a structured grid representation
that supports 3D CNNs, as demonstrated in VoxelNet (Zhou
& Tuzel, 2018). While efficient for convolution, voxeliza-
tion may introduce high memory costs and resolution loss.
To address this, hybrid frameworks such as SECOND, PV-
RCNN (Shi et al., 2022) and 3DSSD integrate voxel-, point-
, and image-based features, achieving state-of-the-art results
in LIDAR-based object detection for autonomous systems.

Building on these developments, the authors of this cur-
rent study proposed a method that focuses specifically on
box localization in industrial scenes. Unlike voxel- or hy-
brid-heavy pipelines that prioritize large-scale outdoor de-
tection, this approach emphasizes accurate bounding box
alignment in controlled environments. By combining classi-
cal techniques such as RANSAC with tailored normaliza-
tion and annotation strategies, this current study bridges
traditional geometry-driven methods with the annotation
efficiency required to generate training datasets for modern
deep learning models.

Visionary-T 3D camera

The Visionary-T 3D camera sensor by SICK operates on
time-of-flight (ToF) technology, which measures the dis-
tance to objects by calculating the time it takes for emitted
infrared light to travel to a surface and reflect back to the
sensor. The camera projects modulated light pulses into the
scene, and a high-speed sensor array captures the reflected
signals. By analyzing the phase shift or the travel time of
these signals, the device generates a dense depth map or 3D
point cloud that represents the spatial structure of the envi-
ronment. The Visionary-T camera combines depth infor-
mation with grayscale intensity images, allowing it to pro-
vide both geometric and visual data. Its compact design and
real-time 3D measurement capabilities make it especially
suitable for applications such as object recognition, robotic
guidance, and obstacle detection in industrial automation.

In this current study, the goal was to localize boxes
traveling on a conveyor belt so that a robot manipulator
could be used efficiently. Collecting a comprehensive
dataset of boxes can enable solutions to both automatic box
identification and the estimation of each box’s position,
orientation, and size. This motivates the development of a
dedicated point cloud box (PCB) database. The Visionary-T
3D camera is a better choice for detecting boxes on a
conveyor belt due to its ability to generate dense,
grid-aligned 3D point clouds wusing time-of-flight
technology.

Unlike LiDAR, which produces sparse data, or 2D color
cameras that lack depth perception, the Visionary-T
provides accurate spatial measurements of object dimen-
sions, position, and orientation in real time. This is especial-
ly useful in industrial settings where precise detection and
tracking of objects are critical. Its compact, solid-state
design makes it more robust and cost-effective than many
LiDAR systems, and its output is not affected by object
color or ambient lighting, unlike 2D cameras. The camera
also offers high frame rates and delivers both depth and
grayscale images, enabling reliable object identification and
fast decision-making. By avoiding the need for complex
multi-sensor setups and reducing calibration requirements,
the Visionary-T simplifies integration and maintenance,
making it an ideal solution for automation tasks involving
box detection on moving conveyor systems.

The RANSAC algorithm is particularly suitable for box
detection on a conveyor belt using 3D point cloud data due
to its robustness, simplicity, and efficiency in fitting
geometric models in the presence of noise and outliers.
In conveyor belt environments, point clouds collected by a
sensor such as the Visionary-T often contain noise, partial
occlusions, background clutter, and overlapping objects.
RANSAC addresses these challenges by iteratively select-
ing random subsets of data, fitting geometric models
(e.g., planes, cuboids), and evaluating how well the inliers
conform. For box detection, it can identify planar surfaces
such as the tops and sides of boxes and then reconstruct the
overall structure by combining these planes.

A key advantage of this method is that it does not require
prior knowledge of object position or exact dimensions,
allowing it to adapt to boxes of varying sizes and orienta-
tions. On a conveyor belt, the presence of flat surfaces and
right angles aligns well with its ability to model planes and
axis-aligned shapes. Its relatively low computational
demand also enables near real-time processing, which is
critical in high-throughput industrial operations. Although
end-to-end deep learning models provide advanced capabili-
ties, this geometric fitting approach remains a practical
choice in controlled environments, where objects are
regular, the scene is structured, and interpretability is
important. In such cases, it serves as a strong baseline or
complementary technique for 3D box detection, balancing
reliability, efficiency, and adaptability.
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Point Cloud File Format

There are many file formats that are used to deal with the
3D representation of a scene or point cloud. Point clouds
can be stored in various file formats, depending on the
source, application, and desired features such as compres-
sion, metadata, or color information. Some of the common
file formats are noted here. The PLY and PCD files were
used in this current study.

e Polygon file format (PLY)

e Point cloud data format (PCD) of the point cloud

library (PCL)

e LiDAR data exchange format (LAS/LAZ)

e Plain text with x, y, z coordinates (XYZ)

e  Wavefront includes geometry and optionally color/

texture (OBJ)

e Leica point cloud format, usually with color and

intensity (PTS)

e ASTM format supporting 3D imaging data, often

from LiDAR or 3D cameras (E57)

The PLY is a flexible and widely used format originally
developed at Stanford University to store 3D models and
point clouds. It supports both ASCII and binary encoding
and can store not just the 3D coordinates (X, y, z) but also
attributes such as color (1, g, b), intensity, normals, and even
polygonal faces. After the header, the file contains one line
per point, listing values in the order defined in the header.

ply

format ascii 1.0
element vertex 1000
property float x
property float y
property float z
property uchar red
property uchar green
property uchar blue
end header

PCD is the native file format of the point cloud library
(PCL) and was designed specifically for storing and loading
large 3D point cloud datasets. PCD supports ASCII, binary,
and compressed binary formats, and allows flexible defini-
tion of fields such as x, y, z, r, g, b, normal_x, intensity.
Each line after the header represents a point with values
corresponding to the listed fields.

# .PCD v0.7 — Point Cloud Data file format
VERSION 0.7

FIELDS xy zrgb

SIZE4444

TYPEFFFU

COUNT1111

WIDTH 1000

HEIGHT 1

POINTS 1000

DATA ascii

Methodology

Initial point cloud data collection faced two major
challenges: identifying boxes within cluttered scenes and
efficiently labeling them with 3D bounding boxes. Manual
annotation proved impractical for scaling, especially across
300 collected scenes. Depth capture was also inconsistent
when the box was directly beneath the camera, requiring
repositioning to better reveal the Z-axis. Figure 3 shows an
experimental setup.

Mounted Visionary-T camera

Figure 3. Experimental setup for point cloud collection: the
Visionary-T camera is mounted above a conveyor belt transporting
boxes. Pictures are shown from two different angles.

To simplify annotation, experiments confirmed that
reflective surfaces were not the issue; rather, the camera
performed better when objects were placed farther than two
feet away. Several annotation tools were tested. While
labelCloud offered efficient bounding box labeling, it
initially failed to render custom PLY files, due to formatting
differences and wunusually large coordinate values.
In contrast, tools like MeshLab, CloudCompare, and Blend-
er successfully displayed the data but lacked efficient label-
ing capabilities. The resolution came through coordinate
normalization. By adjusting the scale of x, y, and z values to
match the range expected by labelCloud, and carefully
preserving intensity attributes during processing, the point
clouds were finally rendered correctly. With this normaliza-
tion step, labelCloud became usable for reliable annotation
of 3D bounding boxes. The following shows the PLY file
that required normalization.

ply

format ascii 1.0

comment Exported by SUIT

element vertex 25344

property float32 x

property float32 y

property float32 z

property float32 i

end_header

-1144.647 926.18384 1474.9042 0.0033875029
-1134.5762 928.78485 1464.8997 0.0036011292
-1113.8896 922.6544 1469.5516 0.004180972
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To apply machine learning for automatic 3D bounding
box detection, a properly annotated dataset is required.
For this purpose, the collected point cloud data of boxes is
annotated programmatically, followed by manual correction
of the bounding boxes. Once this process is complete, the
dataset becomes suitable for training a machine learning
model. Detecting a box in a point cloud involves identifying
planar surfaces and estimating a 3D bounding box that
encloses them. After performing down sampling and noise
removal, clusters of points are extracted, with the
assumption that the largest cluster corresponds to the box.
Figure 4 shows that, although this step successfully detects
a bounding box, it typically aligns only with the visible
surface of the box, resulting in inaccurate height estimation.

Figure 4. The automatic detection algorithm detects the box but
the dimension is much larger than the actual box.

To improve the accuracy, the strategy was adjusted
further. Once the surface was identified, nearby points along
the Z-axis (height direction) were extracted from the origi-
nal point cloud, which was limited to the XY extent of the
detected surface. A bounding box was then fitted to this
combined set of points, resulting in a more accurate approx-
imation of the complete box. Table 1 shows the sizes of the
boxes. A statistical technique, principal component analysis
(PCA), was used for this task. PCA helps to cluster points
belonging to a single box by identifying the principal axes
along which the points are most spread out. By computing
the eigenvectors and eigenvalues of the covariance matrix
of a point cluster, PCA reveals the length, width, and height
directions of a box. Figure 5 shows that this is particularly
useful for fitting oriented bounding boxes (OBBs) instead of
axis-aligned boxes, especially when boxes are placed at
arbitrary angles on a conveyor belt.

The authors observed that the bounding box orientation
was misaligned, likely due to the use of PCA, which can tilt
or skew the box when the point cloud is sparse, noisy, or
unevenly distributed. To address this issue, RANSAC was
applied for clustering, as it provided greater robustness
compared to PCA. Only the points tightly aligned with the

surface were used to compute accurate XY bounds. A
narrow vertical range along the Z-axis was then defined
using the 99™ percentile of the height values after which the
bounding box was fitted to this clean subset. Figure 6
indicates that the resulting bounding box showed a much
closer match to the expected shape and orientation.

Table 1. Sizes of the boxes.

Box Height Width Length
(inches) (inches) (inches)
1 3.5 5 14.5
2 7 8.5 11.5
3 7.75 10 11.5
4 5.5 9 11
5 3 5.5 7

Figure 5. Bounding box detection refined with PCA to approxi-
mate actual box size; orientation remains misaligned.

Figure 6. Bounding box detection and orientation improved with
RANSAC clustering, yielding a closer match to the expected box
shape.

The automatic labeling produced correct bounding boxes
in roughly 25% of the cases. While this accuracy is limited,
its practical advantage is that in labelCloud the bounding
box is already pre-placed. As a result, the annotator does not
need to draw a new box from scratch but only refine its
position and dimensions to match the actual box, which
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significantly reduces the manual correction effort. The
software provided with the Visionary-T camera was used to
capture point cloud data. Point clouds were collected for
five boxes of varying sizes. To preserve size-related infor-
mation, separate folders were created. The labelCloud is a
very efficient and lightweight bounding box labeling
software package. It produces centroid [X, y, z], dimensions
[length, width, height], and relative rotations as Euler angles
in radians from -pi to +pi in yaw, pitch, and roll for each
bounding box. There are no units for the dimensions
because the original point cloud is normalized. Figure 7
shows the labelCloud interface.

&) 1abeiCloud - o X
File Labels Settings
% Labels
cart
labelCloud CurrentBBox:
Cent
Point Cloud Dimension
Current: exemplaryply Rotation
0.06
se oo X Deselect 0 Deete
* 1+ 4
- -
4 (S]
3§ Picx Bounding Box
A Span Bounding Box
2 save Label
Correction Mode Scroll to change the bounding box dimension

Figure 7. labelCloud annotation software user interface.

The final database contained the point cloud file in PLY
or PCD format in a folder with corresponding labels in
another folder. Below is a sample label of the point cloud
file. Figure 8 shows a simple flow diagram to illustrate the
key steps of the workflow.

Point Cloud

Data Collection Normalization J

<

Manual Correction of A
the bounding box Automatic Labeling ]
using labelCloud

|—>[ Point Cloud Dataset ]

Figure 8. Visual summary of the workflow of the overall process
of the point cloud dataset.

Conclusions

In this study, the authors used a Visionary-T 3D camera to
capture point clouds of boxes and an initial automatic label-
ing process was developed for box identification. Since the
automatic labeling exhibited imperfections, manual correc-
tions were performed to ensure data integrity. The resulting
dataset, entitled the Point Cloud Box (PCB) dataset,
established a reliable foundation for training machine learn-
ing models aimed at accurate box localization in 3D space.
Beyond its role as a research dataset, the PCB dataset has
direct implications for industrial automation. Accurate 3D
box localization enables robotic arms to identify, grasp, and
manipulate packages in warehouses, thereby streamlining
logistics and reducing labor costs. Shown here is a sample
label of a point cloud file with a box.

"folder": "pointclouds_scaled",

"filename": "Frame2587 scaled.ply",

"path": "pointclouds scaled\\Frame2587 scaled.ply",
"objects": [

"name": "box",
"centroid": {

nen,

X
nyu:

n_n,

z

}

"dimensions": {
"length": ,
"width": ,
"height":

15

"rotations": {

nen.

X

ne M.

>

>
nn.

V4

In manufacturing environments, it supports automated
assembly lines by allowing robots to detect and position
components with precision. In quality control, machine
learning models trained on this dataset can identify
misplaced or defective items. More broadly, improved box
detection enhances supply chain efficiency, inventory track-
ing, and autonomous navigation in production facilities.
With the corrected dataset in place, the next step is to
expand its scope by incorporating more diverse scenes and
box variations, ultimately training robust machine learning
models capable of supporting high-accuracy automation
across manufacturing and production systems.
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OPTIMIZATION OF FDM PROCESS PARAMETERS FOR
TENSILE STRENGTH USING MACHINE LEARNING AND
EVOLUTIONARY ALGORITHMS

Jayson Francois, Florida A&M University; Shonda Bernadin, Florida A&M University

Abstract

In this study, the authors examined a data-driven
approach for enhancing the tensile properties of ABS
components manufactured via fused deposition modeling
(FDM). Test specimens were printed using systematically
varied combinations of extrusion temperature, layer thick-
ness, and infill density. The resulting tensile data were then
used to train several regression models. Among the
approaches examined, gradient boosting, support vector
regression, and polynomial regression proved to be the most
dependable, each accounting for more than eighty-six
percent of the variation in measured strength. These trained
models were then paired with evolutionary optimization
methods to search for printing conditions that would yield
higher-performing parts. Multiple optimizers converged on
parameter regions associated with predicted tensile
strengths in the upper 30-megapascal range.

To provide a physical reference point for these predic-
tions, a finite element model of the ISO-527-5A specimen
was built in COMSOL. The simulated tensile response
reproduced the expected stress distribution in the gauge
section and indicated a failure load consistent with both the
machine learning estimates and the manufacturer’s reported
properties. While the optimized parameter sets could not be
fabricated within the project timeline, the close agreement
between simulations, model predictions, and known materi-
al behavior supports the reliability of the proposed work-
flow. The results highlight the usefulness of integrating
supervised learning, optimization, and finite-element analy-
sis to guide FDM process decisions and demonstrate the
potential for extending this approach to applications requir-
ing more complex mechanical or functional performance
criteria.

Introduction

Additive manufacturing (AM) has significantly reshaped
modern fabrication methods, with FDM emerging as one of
the most widely adopted techniques. Its strengths lie in
enabling customized designs, rapid prototyping, and the
economical production of intricate geometries. Among the
performance factors of FDM, tensile strength remains
especially important, since it determines whether a part can
endure load-bearing conditions and maintain structural
reliability. Establishing reliable predictive models for
tensile strength can support improvements in process
design, material selection, and quality assurance
(Braconnier, Jensen & Peterson, 2020). Prior studies

showed that correlating process inputs—ranging from
temperature control to part dimensions and build orienta-
tion—with final part behavior led to measurable gains in
mechanical performance (Oleff, Kiister, Stonis & Overmey-
er, 2021). In extrusion-based AM, predictive approaches
now play a central role in helping manufacturers anticipate
performance outcomes, minimize production costs, and
shorten lead times.

However, experimentation continues to dominate
research, mainly because of the challenges posed by high-
dimensional parameter spaces, where isolating the effect of
individual variables is difficult (Ramos, Angel, Siqueiros,
Sahagun, Gonzalez & Ballesteros, 2025). The repeated heat-
ing and cooling inherent in FDM often weakens interlayer
bonding and creates inconsistencies in part strength, adding
further complexity. These nonlinear behaviors limit the
accuracy of conventional regression models. In addition,
most predictive frameworks neglect the time-dependent
nature of FDM processes, which frequently results in
models that fail to capture important dynamics (Alli et al.,
2024). This has led to a shift toward data-driven methods,
where machine learning (ML) techniques and genetic
algorithms can identify hidden patterns and efficiently
optimize parameter settings.

In this current study, the authors developed a framework
for forecasting tensile strength in FDM by examining
process factors such as infill density, infill geometry, extru-
sion temperature, and layer thickness control. Genetic
algorithms were applied to enhance optimization within
single-objective design problems, even when multiple
functional requirements were present. Together, these
methods provide a pathway to developing stronger, more
reliable FDM parts, while reducing trial-and-error effort and
improving overall production efficiency.

Literature Review

In the past, researchers optimized AM parameters mostly
through trial-and-error experiments or regression-based
statistical tools such as analysis of variance (ANOVA) and
response surface methodology (RSM). Although these
approaches yielded some insights, they struggled to account
for nonlinear interactions between process variables
(Malashin, Martysyuk, Tynchenko, Nelyub, Borodulin &
Galinovsky, 2024). The rise of supervised ML has changed
this landscape by providing new ways to link process condi-
tions with material performance. Early investigations used
methods such as random forest (RF), gradient boosting, and
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decision trees to estimate properties such as tensile strength,
elongation, and Young’s modulus (Abdalla et al., 2024).
One advantage of these models is their ability to make
reasonable predictions even when the dataset is incomplete.
For instance, Shan, Gao, Rao, Wu, Yan, and Bi (2024) used
a random forest algorithm to forecast the mechanical behav-
ior of components fabricated through selective laser
sintering and reported higher accuracy compared to conven-
tional regression.

Other supervised learning methods have also found appli-
cations in AM research. support vector machines are often
used for ranking and classifying parts by analyzing how
process settings affect performance. Artificial neural
networks (ANNSs), on the other hand, excel at detecting
temporal relationships across different stages of production.
Studies by Manoharan, Chockalingam, and Ram (2020) and
Muhamedagic, Berus, Poto¢nik, Cekic, Begic-Hajdarevic,
Cohodar Husic, and Ficko (2022) demonstrated that ANN
models could successfully connect FDM parameters (e.g.,
layer thickness, raster angle, and build orientation) to
mechanical outcomes, including tensile, compressive, and
flexural strength. Taken together, these findings highlight
that neural networks generally surpass other supervised
approaches in capturing nonlinear dependencies and
delivering stronger predictive accuracy.

ML techniques have shown that parts produced through
AM generally retain their structural integrity, without signs
of compaction, scaling, or loss of resolution introduced
during the printing process. However, only a limited num-
ber of studies have attempted to estimate tensile strength
using regression-based ML approaches in relation to FDM
parameters. For example, Anand and Satyarthi (2024) and
Tura, Lemu, and Mamo (2022) applied feed-forward neural
networks to evaluate how raster orientation, air gap, and
build direction influence tensile properties. Their findings
suggest that careful parameter selection, supported by ML,
can significantly improve the reliability of printed parts.

In recent years, the rise of deep learning has further
improved predictive accuracy. For instance, convolutional
neural networks (CNNs) have been used to handle regres-
sion tasks by incorporating process data such as pulse wave-
forms, temperature variations, and layer deposition sequenc-
es (Ding, Hou, Wang, Cui, Yu & Wilson, 2025). Although
still relatively new, these applications indicate a shift toward
more advanced methods for capturing the complex, time-
dependent behavior of FDM processes. Alongside predic-
tion, many researchers combine ML with optimization tech-
niques to identify parameter values that enhance material
performance. Genetic algorithms (GA), particle swarm opti-
mization, and Bayesian optimization are among the most
common tools used with ML models. For example,
Boppana and Ali (2024) and Deshwal, Kumar, and Chhabra
(2020) proposed a hybrid ANN—GA approach to predict and
optimize the tensile strength of FDM-produced ABS parts.
By iteratively refining the model with new experimental

results, the genetic algorithm improved its accuracy and
provided more reliable guidance on parameter adjustments.

Gathering dependable datasets remains one of the biggest
obstacles to using ML in advanced manufacturing. Zihao,
Hongyuan, Pengyu, Weidong, Ji, and Fuhua (2022) pointed
out that, because data are often incomplete or poorly
labeled, many models are trained for only one machine or
material system, limiting their broader use. Researchers
have tried to get around these issues by combining strate-
gies—borrowing from engineering practices, drawing on
prior studies, and adding new data sources—to make their
models more adaptable. In some cases, similarities between
materials can also help; for instance, because polycarbonate
and polyethylene share comparable properties, a model
trained for one can sometimes be applied to the other
(Al-Zaidi & Al-Gawhari, 2023).

Even with these advances, there are still important gaps.
Temperature changes within layers, which are believed to
play a role in damage formation, are rarely studied in detail.
Many models also work under the assumption that input
conditions stay constant from year to year, which does not
reflect reality. Xie, Sun, and Zhao (2025) stressed that
having larger and better-quality datasets would allow
researchers to run more experiments and check their results
more effectively. Another direction drawing attention is
explainable Al (XAI). Since ML models often act like
“black boxes,” judging which ones perform best is difficult.
Adding explanation features would improve trust and give
users more insight into how a system or robot is function-
ing. Random forest is an ensemble method that builds on
decision trees and has been applied with good results in
predicting material properties for AM (Raymaekers,
Rousseeuw, Servotte, Verdonck & Yao, 2025). Because it
averages the output of many trees, it helps reduce the over-
fitting that usually occurs when a single decision tree is
used. Another strength of the method is its ability to handle
datasets that include several interacting variables, which
makes it suitable for studies of FDM, where many process
parameters come into play.

Even with these strengths, random forest (RF) is not with-
out its drawbacks. Hassan, Salem, Bailek, and Kisi (2023)
pointed out that it does not fully capture the layered struc-
ture that is central to FDM printing. Ensemble models like
RF also tend to assume that input features are independent
from one another, which is often not the case in processes
that evolve over time. Authors from two other studies noted
that this assumption can lead to reduced accuracy when RF
is used to study the temporal behavior of AM systems
(Mishra, Tripathi, Chaurasia & Chaurasia, 2025; Shrivastav
& Kumar, 2021). Deep learning, a subset of ML built on
artificial neural networks, has become an important tool for
predicting material properties in AM. These models effec-
tively capture straightforward and complex patterns in AM
processes. In practice, four main architectures have been
applied in this area: autoencoders, deep belief networks
(DBNs), CNNs, and recurrent neural networks (RNNs).
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Autoencoders are unsupervised models designed to
compress input data into simpler forms and reconstruct
them (Berahmand, Daneshfar, Salehi, Li & Xu, 2024).
In AM, they reduce the dimensionality of large datasets,
making it easier for supervised models to handle property
prediction. For example, autoencoders have been applied to
thermographic images and sensor data, compressing them
into latent features that support defect detection and print-
quality analyses (Gbadamosi-Adeniyi, Ferguson & Horn,
2025). Deep belief networks, which are built from stacked
restricted Boltzmann machines, have shown promise in
learning hierarchical features. They can capture relation-
ships among parameters such as print speed, layer height,
and temperature (Alzubaidi et al., 2021). While they are not
as common as CNNs or RNNs, DBNs link simpler networks
and more advanced deep learning methods.

CNN s are the most widely used deep learning approach in
AM because of their strength in image analysis. They
process layer snapshots, thermographic images, or surface
scans to identify problems such as delamination, roughness,
or internal defects (Yangue, Ye, Kan & Liu, 2023).
CNNs are also helpful for predicting material properties
from post-print microstructure images as they excel at
extracting spatial details. RNNs and improved versions such
as long short-term memory networks are designed to handle
time-dependent data (Mienye, Swart & Obaido, 2024).
In AM, they have been applied to model how temperature
changes, extrusion speed, and cooling conditions influence
part quality as the printing process unfolds. This ability to
capture sequential effects makes them well-suited for tasks
that static models cannot address.

FDM has become important in many industries because it
can create complex designs and customized components
while reducing waste (Zhou et al., 2024). However, the
quality of an FDM print depends heavily on process
conditions. Variables such as print speed, infill, layer
thickness, nozzle temperature, and the arrangement of paths
determine how strong and accurate the final part will be
(Taqdissillah, Muttaqin, Darsin, Dwilaksana & Ilminnafik,
2022). Selecting these parameters is not straightforward, but
performance improves significantly when they are chosen
carefully. Earlier, optimization was carried out mainly
through trial-and-error testing and statistical approaches
such as Taguchi methods or RSM (Kozik et al., 2019).
These methods produced valuable insights but also required
considerable time and cost and often failed to account for
thermal or stress interactions between layers. To address
such limitations, researchers began using metaheuristic
techniques. Approaches such as GAs, PSO, and simulated
annealing have been employed to search for parameter
settings that improve strength or reduce defects such as
porosity and warping (Fadhil, 2025; Rajwar, Deep & Das,
2023). GAs are especially suited to problems that do not
have a single best answer, enabling engineers to make
better choices for layer height, raster angle, and part
orientation.

More recently, optimization in AM has moved toward
data-driven approaches. ML models such as random forests,
gradient boosting, and deep neural networks can predict
mechanical properties based on input conditions (Airlangga
& Liu, 2025; Nadkarni, Vijay & Kamath, 2023). These
models can act as surrogates for experiments, meaning that
not every possible setting needs to be tested physically. This
has made it easier to evaluate trade-offs in design. For
example, Pareto optimization can balance competing
requirements such as strength versus production speed
(Haleem, Javaid, Rab, Singh, Suman & Kumar, 2023).
Together, these advances show how the focus of AM
optimization has shifted from labor-intensive testing to
faster, data-driven methods.

Methodology

In this current study, the authors implemented a closed-
loop optimization framework integrating experimental
characterization, ML prediction, and algorithmic optimiza-
tion to maximize the tensile strength of 3D-printed ABS
components fabricated via FDM. The methodology was
composed of three primary stages: 1) data collection
through physical testing, 2) regression model development,
and 3) single-objective optimization using multiple evolu-
tionary strategies. Twenty-seven tensile specimens were
fabricated using a commercial ABS filament and printed
using FDM under varied process parameters. The input
variables included extrusion temperature (°C), layer thick-
ness (mm), and infill percentage (%). Table 1 summarizes
the FDM process parameters used for case studies on
material part properties. Figure 1 shows the ISO 527 5A
standards by which specimens were printed. Figure 2 shows
the universal testing machine used to  measure tensile
strength. This dataset served as the training set for
subsequent ML model development.

77

26

-
2,50,

Figure 1. Tensile testing sample type 5A of the [SO-527 standards.

Five supervised regression models were trained to predict
tensile strength from process parameters: gradient boosting
regressor (GBR) (Figure 3), support vector regression
(SVR), polynomial regression (PR) (degree 2), linear
regression (LR), and random forest regressor. The dataset
was split into training and testing subsets using an 80/20
split. Model performance was evaluated using R? score,
mean absolute error (MAE), and root mean squared error
(RMSE). Cross-validation was applied to assess model
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Table 1. FDM process parameters used for case studies on material part properties.

References Material Parameters Findings Gaps
Alhazmi & . Both infill density and raster L1m1t§d to PLA, effects of
Infill density, nozzle temperature, . . . .. | extrusion temperature, layer
Backar PLA : orientation had influence on tensile . X
rater width g thickness or nozzle diameter
(2020) strength and Young’s modulus. - .
explored, no predictive modeling.
—_— Infill density was the dominant No op tlmlzatlon algorithm was
Ozkiil, Kuncan L . . . . applied; study focused solely on
. ayer thickness, Infill density, factor for tensile strength; layer S o !
& Ulkir ABS : . prediction. No validation using
nozzle temperature thickness primarily affected surface | : .
(2025) independent samples outside the
roughness. : 3
experimental design.
. . No predictive modeling or
Popescu, Zapciu, ABS, | Layer thickness, raster angle, build Layer thickness apd raster angle optimization used; results are not
Amza, Baciu & . Lo . had the strongest influence on ! o
. PLA, |orientation, infill density, nozzle . ; generalized across materials; study
Marinescu N . . tensile strength; lower layer . .
ylon | diameter, print speed . . lacked integrated physics-based or
(2018) thickness produced higher strength. .
ML-based analysis.
_— Focused solely on process—
Sood, Ohdar Layer thickness, build orientation, AH five parameters significantly property modeling; did not
& Mahapatra ABS . . influenced mechanical : : .
raster angle, raster width, air gap incorporate machine-learning
(2010) performance. L
prediction methods.
Higher nozzle temperatures caused | Only one parameter studied
Ulkir, Ertugrul, significant loss in mass, decreased | (temperature); no multi-parameter
Ersoy & Yagimli | ABS | Nozzle temperature tensile strength, reduced hardness, | interaction effects analyzed. Did
(2024) and increased dimensional errors not explore optimization or
for thickness. predictive modeling.

generalizability. The best-performing models (GBR, SVR,
and POLY) were selected for use in the optimization loop.
Five single-objective optimization algorithms were
implemented to identify the optimal combination of FDM
parameters that maximized predicted tensile strength: differ-
ential evolution, GA, Nelder Mead, pattern search, and
evolution strategy.

Figure 2. Tensile strength measurement machine.

Each algorithm was executed with bounds defined by the
physical printer’s capabilities and material limitations. The
objective function maximized the predicted tensile strength

as forecasted by the selected ML models. The output of
each optimizer was a set of optimal parameters that were
then passed through all five trained regression models to
compare predicted performance. For model validation,
previously fabricated tensile specimens using older optimi-
zation outputs were used to compare predicted versus actual
tensile strength. These comparisons helped evaluate model
accuracy and inform the trustworthiness of predictions for
new, untested parameter sets.
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Figure 3. Gradient boosting regression training and verification.
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Results

Table 2 summarizes the performance of five regression
models using the R? score, MAE, and RMSE. Among these,
GBR and PR achieved the highest R? scores (~0.87) and the
lowest error values, indicating superior predictive accuracy.
In contrast, linear regression exhibited the weakest perfor-
mance, with the lowest R? and the highest MAE and RMSE,
suggesting that it failed to capture the non-linear relation-
ships inherent in the data. These results underscore the
importance of employing non-linear models in capturing the
complexities of the FDM process.

Table 2. Performance metrics for regression models.

Table 4 shows the predicted tensile strengths generated by
each ML model using the optimal parameters identified in
Table 2. Across all optimizers, gradient boosting and poly-
nomial regression consistently produced the highest predic-
tions, particularly when paired with parameters from evolu-
tionary strategy and differential evolution. These results
suggest strong synergy between these optimizers and
non-linear regression models. Conversely, pattern search
yielded the lowest predicted strengths across all models,
likely due to its local search nature, which may have caused
it to converge prematurely on suboptimal parameter sets.
These differences are important because they inform which
combinations of optimizers and regressors are most likely to
approach or exceed real-world performance requirements,
especially when physical validation is limited.

Table 4. Tensile strength prediction based on optimization
algorithms.

Optimization RF GBR | SVR LR PR
Algorithms (MPa) | (MPa) | (MPa) | (MPa) | (MPa)

Genetic algorithm 36.64 | 38.52 | 37.01 | 35.61 | 37.76

Differential evolution | 36.71 | 38.56 | 38.14 | 35.89 | 37.67

Evolutionary strategy | 36.71 | 38.56 | 38.46 | 36.10 | 38.44

Prediction models R? Score MAE score RMSE
Random forest 0.757942 1.696735 1.927416
regressor

Gradient boosting 0.870883 1.176535 1.407687
regressor

Support vector 0.867693 1.193759 1.424975
regression

Linear 0.583917 2.398614 2.527003
regression

Polynomial 0.870912  |1.176341  [1.407533
regression

Nelder Mead 36.01 | 36.12 | 37.71 | 36.08 | 37.40

Pattern search 35.12 | 35.03 | 34.73 | 35.26 | 35.40

Table 3 presents the optimal process parameters—
extrusion temperature, layer thickness, and infill
percentage—identified by each single-objective optimiza-
tion algorithm. Notably, pattern search selected the lowest
temperature (235°C) and highest infill (50%), whereas
evolutionary strategy found a much lower infill requirement
(23.60%) while maintaining a high temperature. The varia-
bility of optimal parameters across algorithms reflects the
divergent search strategies and local versus global explora-
tion characteristics of each optimizer. These differences
matter because they can lead to significantly different
material usage, energy consumption, and, ultimately,
mechanical properties in the printed part. Optimizers that
balance exploration (e.g., differential evolution and evolu-
tionary strategy) tend to yield more-efficient solutions.

Table 3. Optimal process parameters for maximum tensile
strength.

Figure 4 shows the ISO-527-5A dog-bone specimen used
in the simulations. Its reduced gauge section was designed
so that the highest stresses—and eventual failure in real
testing—occurred in a predictable, centralized region. Using
this same geometry throughout the parameter sweeps made
it possible to compare printed samples, experimental data,
and FEM predictions on equal footing, while examining
how different printing settings influenced the stress re-
sponse. Figure 5 is the contour plot of the von Mises stress
field in the tensile specimen when a 1600N load is applied.
The analysis revealed the expected concentration of stress in
the narrow middle section, while the areas near the grips
remained comparatively low due to their greater stiffness.
The distribution confirmed that the simulated loading be-
haved as it would in a physical test and that the optimized
parameters led to a realistic mechanical response.

Single-objective Temperature | Thickness Infill o ™
optimization models (°C) (mm) (%)

Genetic algorithm 251.62 0.142 34.55

Differential evolution 247.79 0.206 38.11

Evolutionary strategy 251.62 0.202 23.60

Nelder Mead 253.24 0.198 48.17

Pattern search 235.00 0.200 50.00 Figure 4. Geometry of the ISO 527-5A tensile test specimen.
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Figure 5. von Mises stress distribution (contour plot).

Figure 6 displays how the von Mises stress changed along
the length of the specimen for several increasing load levels.
Each curve represents one step in the load sequence. The
central portion of the specimen maintained a level stress
profile, whereas the transitions near the shoulders intro-
duced noticeable gradients. These patterns offer a reference
for judging how well predicted tensile-strength values
match the mechanical behavior captured in the simulations.
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Figure 6. von Mises stress along the specimen length (line plot).

Figure 7 tracks the highest von Mises stress in the speci-
men as the applied tensile force increased. The almost
straight-line relationship reflects the primarily elastic re-
sponse within the simulated load range. By comparing these
stress values with known material strength limits, the curve
helps bridge the simulation results with the tensile-strength
predictions derived from the optimized printing parameters.

Relationship Between Force and von Mises Stress
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Figure 7. Relationship between applied force and maximum von
Mises stress.

Discussion

The results of this project demonstrated that combining
machine learning models with optimization techniques can
effectively enhance the tensile performance of ABS parts
produced through FDM. Among the five regression
approaches tested, the GBR and the polynomial regression
model were the strongest performers. Both models achieved
R? values close to 0.87 and produced the lowest prediction
errors. Although gradient boosting is typically considered
the more advanced method, the polynomial model
performed almost as well. This was mainly due to the inter-
action and curvature features introduced during prepro-
cessing, such as the temperature-multiplied-by-thickness
term and the squared thickness feature. These engineered
inputs captured much of the nonlinear behavior directly,
which allowed the polynomial model to represent the main
physical relationships in the data without requiring the
complexity of a boosted ensemble. In relatively small
datasets, thoughtful feature engineering can reduce the
advantage commonly held by more sophisticated models
and prevent them from overfitting.

The optimization algorithms examined in this study
generated a recommended set of printing conditions for
each. Although they used very different search strategies,
the predictions from the top regression models were consist-
ently aligned with one another. Differential evolution and
evolution strategy produced the highest estimated strengths,
both near 38.5 megapascals, and the GA delivered values
that were only slightly lower. The fact that several different
methods converged on a similar region of the parameter
space suggests that these conditions genuinely represent a
high-performing combination rather than a result of model-
specific behavior. In contrast, pattern search regularly
produced weaker parameter sets. Across all five regression
models, the tensile strengths predicted for the conditions
selected by pattern search were consistently near the bottom
of the range. This is consistent with the nature of the
algorithm, which tends to explore only a local area and can
easily become stuck in a suboptimal region. The specific
settings it returned, such as the lower extrusion temperature,
were also not typical of conditions that promote strong bond
formation between layers in FDM parts.

To provide a physics-based reference point for the ML
predictions, a finite element model of the ISO 527 5A
tensile specimen was created in COMSOL. The geometry
used in the physical tensile tests was reproduced and the
printed ABS material was assigned its measured elastic
properties, including a Young’s modulus of about 1.96
gigapascals and a Poisson’s ratio of 0.35. A simple von
Mises elastoplastic formulation was used and tensile loads
up to approximately 1600 newtons were applied. The result-
ing stress distribution behaved as expected, with the highest
values occurring in the narrow-gauge region and a nearly
linear increase in stress with applied force. When the
simulated stresses were compared with the manufacturer’s
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reported tensile strength of roughly forty megapascals, the
model indicated that yielding would begin between about
700 and 750 newtons. This estimate is very close to the 37
to 38 megapascals predicted by the strongest ML models for
the optimized printing conditions. The close agreement
between the finite element simulation, the ML predictions,
and the known material properties is an important validation
step. It shows that the optimized parameter sets identified
through the predictive framework correspond to physically
realistic behavior and are not artifacts of the modeling
process. This agreement increases confidence in the overall
optimization strategy, even though the new specimens
derived from the final parameter sets were unable to be
printed and tested within the project period.

The modest size of the experimental dataset presented
another challenge. Even though the sample count was
limited, the combination of careful feature engineering and
cross-validation helped the models avoid overfitting and
achieve reliable performance within the studied parameter
ranges. A larger dataset would likely increase the stability
and generalizability of the predictions, and future work may
benefit from active learning or structured experimental
design to collect additional samples in areas where model
uncertainty is highest. Ultimately, this study focused solely
on maximizing tensile strength. Many real applications of
FDM, especially those involving materials that must
dissipate static charge, require a balance of mechanical,
electrical, and thermal properties. The framework demon-
strated here can be extended to support proper multi-
objective optimization, making it useful for advanced
design tasks where multiple performance criteria must be
satisfied simultaneously.

Random Forest Feature Importance
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Figure 8. Feature important derived from the random forest
regressor.

Conclusions

From this study, the authors confirmed that pairing ML
with evolutionary search methods provides an efficient
approach to enhancing the tensile performance of ABS
components produced by FDM. Instead of relying on
repeated trial and error, the combined approach used predic-

tive models to explore the printing parameter space in a
targeted manner. Among the regression models evaluated,
gradient boosting, polynomial regression, and support
vector regression provided the most accurate estimates of
tensile strength, each explaining more than eighty-six
percent of the variance in the experimental data. The close
performance of the polynomial model, which benefited
from carefully engineered interaction and curvature
features, highlights the value of incorporating domain
knowledge directly into the feature set. Several of the opti-
mization algorithms converged on similar combinations of
extrusion temperature, layer thickness, and infill density.
Differential evolution, evolution strategy, and the GA
consistently produced parameter sets associated with tensile
strengths in the upper thirty megapascal range. The agree-
ment among the strongest regression models for these
solutions increases confidence that the identified conditions
represent meaningful optima rather than artifacts of a
specific algorithm. Pattern search was the one method that
produced weaker results, which reflects its limited ability to
explore the entire parameter landscape.

To provide a mechanical point of reference for the ML
predictions, a finite element model of the ISO 527 5A
tensile specimen was developed in COMSOL. The simula-
tion reproduced the expected stress concentration in the
gauge region and predicted the onset of yielding at a load of
approximately 700 to 750 Newtons. This corresponds to a
tensile strength of thirty-eight to forty megapascals, which
matches the predictions generated by the top regression
models. The close agreement between the simulation results
and the model predictions indicates that the optimized
parameter sets are mechanically realistic rather than numeri-
cal artifacts. This consistency strengthens the overall frame-
work by linking statistical inference with a physics-based
representation of material behavior. Although the newly
identified parameter sets could not be fabricated and tested
within the project period, the agreement among multiple
regression models, the measured material properties, and the
finite element results helps mitigate this limitation.
Additional experiments would further enhance confidence
in the predictions, and future work could utilize active
learning or structured experimental design to expand the
dataset more strategically.

The framework developed here focused on tensile
strength; however, many functional applications, especially
those involving ESD-safe materials, require a balance of
electrical, thermal, and mechanical characteristics. The
same workflow can be extended to a multi-objective setting,
allowing designers to identify printing conditions that
deliver the best overall combination of performance metrics.
These findings offer practical value for industrial environ-
ments where stronger and more reliable polymer
components are needed. By reducing the amount of experi-
mental testing required to achieve high-performance
settings, the approach can contribute to more efficient and
consistent AM processes.
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