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Abstract: Fused Filament Fabrication (FFF) has become a widely adopted additive man-
ufacturing technology due to its cost-effectiveness, material versatility, and accessibility.
However, optimizing process parameters, predicting material behavior, and ensuring
structural reliability remain major challenges. This review analyzes state-of-the-art com-
putational methods used in FFF, which are categorized into four main areas: melt flow
dynamics, cooling and solidification, thermal–mechanical behavior, and material property
characterization. Notably, the integration of Computational Fluid Dynamics (CFD) and
Finite Element Analysis (FEA) has led to improved predictions of key phenomena, such
as filament deformation, residual stresses, and temperature gradients. The growing use
of fiber-reinforced filaments has further enhanced mechanical performance; however, this
also introduces added complexity due to filler orientation effects and interlayer adhesion
issues. A critical limitation across existing studies is the lack of standardized experimental
validation methods, which hinders model comparability and reproducibility. This review
highlights the need for unified testing protocols, more accurate multi-physics simulations,
and the integration of AI-based process monitoring to bridge the gap between numeri-
cal predictions and real-world performance. Addressing these gaps will be essential to
advancing FFF as a precise and scalable manufacturing platform.

Keywords: Fused Filament Fabrication (FFF); Computational Fluid Dynamics (CFD); Finite
Element Analysis (FEA)

1. Introduction
Additive manufacturing (AM), especially material extrusion (MEX), has changed how

things are made by allowing the creation of complex geometries, reducing material waste
by making parts that are almost the right size, and helping to create components designed
for specific uses with special features. Among the various AM technologies, Fused Filament
Fabrication (FFF) stands out due to its accessibility, ease of operation, and versatility in
material selection [1]. This extrusion-based process involves the controlled deposition of a
thermoplastic filament, which is heated to its melting point and deposited layer by layer to
construct a three-dimensional object [2]. Its widespread adoption across industries such as
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aerospace, biomedical, and automotive engineering has led to an increasing demand for
improved print quality, mechanical performance, and dimensional accuracy [3,4].

Despite its advantages, FFF presents inherent challenges that impact part quality and
reliability. Key factors such as thermal fluctuations, residual stresses, interlayer adhesion,
and print parameters influence mechanical strength, dimensional stability, and surface
finish [5]. These complicated details require numerical simulations, which provide predic-
tive insights into material behavior, enabling the optimization of deposition strategies [6].
Computational models play a crucial role in analyzing melt flow dynamics, cooling and
solidification, stress accumulation, and final material properties [7].

Two predominant simulation methods—Computational Fluid Dynamics (CFD) and
Finite Element Analysis (FEA)–are widely employed to model the FFF process [8]. CFD is
often used to study how polymers flow and transfer heat, while FEA is used to determine
the residual stresses, displacement and strain variation, and how well printed parts perform.
The integration of these approaches has facilitated the development of more accurate
predictive models, contributing to improved process control and part optimization.

Beyond traditional thermoplastics, recent advancements in fiber-reinforced composites
have expanded the capabilities of FFF [9]. The incorporation of short and continuous
fibers into polymer matrices has demonstrated significant improvements in mechanical
strength, stiffness, and thermal stability, making FFF a viable solution for high-performance
applications [4,6,10]. However, fiber integration introduces additional complexities, such
as orientation control, dispersion uniformity, and interlayer bonding, requiring advanced
numerical modeling techniques to optimize composite performance [7,8].

In parallel, machine learning has emerged as a promising tool for improving FFF pro-
cess reliability. Early efforts demonstrated real-time defect detection and interlayer quality
prediction using AI-based models [11]. Recent studies have expanded these capabilities
by integrating simulation-in-the-loop frameworks [12], thermographic imaging supported
by machine learning [13,14], and closed-loop control systems for adaptive process adjust-
ment in fiber-reinforced printing [15]. These developments point to the growing role of
intelligent, data-driven strategies in enhancing simulation fidelity, and defect mitigation in
additive manufacturing.

In addition to summarizing current simulation strategies, this review aims to identify
and articulate the main research gaps that limit the predictive capabilities of FFF model-
ing. These include the lack of standardized validation protocols, the limited integration
of multi-scale and multi-physics models, and the scarcity of high-fidelity experimental
data for benchmarking numerical predictions. Furthermore, the review highlights the
emerging role of machine learning in process monitoring, inverse modeling, and real-time
correction, which represents a promising direction for enhancing accuracy and automation
in FFF simulations.

2. Meta-Analysis and Bibliometric Assessment
Bibliometric analysis and meta-analysis are essential tools for understanding the

evolution of scientific research, identifying trends, and mapping interconnections between
studies. In the context of numerical simulations applied to FFF, these methods provide
a structured evaluation of academic progress, technological advancements, and the role
of computational modeling in optimizing additive manufacturing processes [16]. As FFF
processes become increasingly complex, numerical simulations play a key role in predicting
material behavior, improving mechanical performance, and refining process parameters [3].

To evaluate this evolving landscape, a bibliometric analysis was conducted using a
structured query applied to indexed databases. The search was designed to capture publi-
cations focused on fluid dynamics, structural modeling, and numerical methods within
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the scope of FFF. The query used was TITLE-ABS-KEY (additive AND manufacturing)
AND TITLE-ABS-KEY (numerical AND methods) OR TITLE-ABS-KEY (numerical AND
model) OR TITLE-ABS-KEY (simulation) AND TITLE-ABS-KEY (FFF) OR TITLE-ABS-KEY
(FFF) AND PUBYEAR > 2004 AND PUBYEAR < 2026. The resulting dataset included
743 publications, which were processed using Scopus, structured with Excel and Power BI,
and analyzed through VOS viewer to identify thematic clusters and research trends.

A key focus of recent work has been the integration of fiber-reinforced polymers
(FRPs) in FFF. From the initial dataset, ninety studies specifically addressed FRP-related
simulations, examining the effects of short and continuous fibers on mechanical perfor-
mance, deposition quality, and process optimization [5]. This thematic shift has gained
momentum particularly since 2019 (see Figure 1), reflecting both technological innovations
and a growing interest in advanced composite materials. The bibliometric findings (see
Figure 2) show a significant increase in research related to FRPs, indicating that this field is
changing quickly and becoming more active within FFF simulation studies.
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Figure 1. Annual publications on FFF simulations (self-developed based on Scopus).
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Figure 2. Annual growth rate of FFF simulations (self-developed based on Scopus).

The reviewed literature was split into four main research areas: melt flow dynamics,
which studies how polymers act during extrusion and deposition; cooling and solidification,
which looks at heat loss and how it affects layer bonding and leftover stress; thermal–
mechanical behavior, which examines stress buildup, warping, and shape changes in
printed objects; and material property characterization, which evaluates how different
polymer mixes and fiber-reinforced materials affect the final strength of printed parts. To
support this analysis, a co-word analysis using VOS viewer showed the importance and
connections of the main research topics in the FFF simulation area. The resulting network
(see Figure 3) highlights clusters of frequently co-occurring terms, such as material behavior,
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process parameters, and testing, reflecting the multidisciplinary nature of the field and the
growing synergy between computational techniques and experimental investigation.

Figure 3. Density of co-occurring keywords in FFF simulation research (self-developed based
on Scopus).

As the field grows, using detailed simulations, testing them in real life, and monitoring
processes in real time will be crucial for making models more accurate and better at
predicting outcomes. Future research should focus on creating consistent simulation
methods, developing strong experimental testing techniques, and using machine learning
to find defects, which will improve the accuracy, dependability, and scalability of FFF-
based manufacturing processes. Future research should prioritize the standardization of
simulation frameworks, the development of robust validation methodologies, and the
incorporation of machine learning–based defect detection systems to enhance the precision,
reliability, and scalability of FFF-based manufacturing processes.

3. Fused Filament Fabrication
3.1. Overview of the FFF Process

FFF is one of the most widely adopted extrusion-based additive manufacturing tech-
niques, known for its affordability, accessibility, and material flexibility [17]. The process
involves feeding a thermoplastic filament through an extruder, where it is heated, melted,
and deposited layer by layer onto a build plate. A schematic of this setup is shown in
Figure 4. This material deposition follows a digitally defined toolpath to construct three-
dimensional parts with varying complexity. A computer-controlled motion system ensures
the precise coordination of extrusion and movement, enabling consistent geometric accuracy.

The quality and mechanical performance of printed parts depend on process param-
eters, including extrusion temperature, layer height, print speed, raster orientation, and
infill density. These variables directly influence outcomes such as interlayer bonding,
dimensional accuracy, thermal gradients, and final part strength [18]. Commonly used
FFF thermoplastics include Polylactic Acid (PLA), Acrylonitrile Butadiene Styrene (ABS),
Polyethylene Terephthalate Glycol (PETG), and Nylon, each with distinct thermal and
mechanical profiles [19]. In addition to these materials, recent studies have highlighted
the growing relevance of semi-crystalline polymers such as polypropylene (PP), especially
due to their attractive mechanical and chemical properties. However, their application in
FFF presents distinct challenges, including high crystallization-induced shrinkage, reduced
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adhesion to the build surface, and a strong dependence of final properties on thermal
gradients. To address these limitations, current research has proposed strategies such
as optimizing the thermal environment, applying surface treatments, and incorporating
crystallization kinetics into numerical simulation models [20,21].

Figure 4. Schematic representation of common setup in FFF (self-developed).

To accurately simulate or optimize this process, it is necessary to analyze the FFF
workflow in discrete stages. Each phase involves distinct thermal, mechanical, and rheo-
logical phenomena that directly influence material behavior and part quality. In addition to
polymer-based applications, FFF has also found widespread use in metal casting through
the Lost-PLA technique. In this approach, printed PLA parts serve as sacrificial patterns
in investment casting, enabling the production of intricate lattice and cellular structures
that would be challenging to fabricate using conventional methods. Recent studies have
demonstrated the effectiveness of this method for creating complex metallic components in
aerospace and structural engineering contexts [22,23]. Owing to its low cost and geometric
flexibility, FFF is increasingly employed for prototyping and small-batch production in
foundry environments.

3.2. Stages of Material Transformation in FFF

The FFF process encompasses a sequence of tightly coupled thermo-mechanical events,
where the polymer undergoes physical, thermal, and rheological transformations that
define the quality and performance of the printed part. The accurate modeling of these
transformations has become essential to improve dimensional accuracy, optimize process
parameters, and reduce manufacturing defects. A modular approach to simulation allows
each stage of the process to be analyzed with dedicated tools and methodologies [3].

Figure 5 provides an overview of the main physical stages occurring during FFF.
The filament is first melted and extruded through a heated nozzle, where it behaves
as a viscous fluid and is deposited layer by layer according to a predefined path. This
stage, governed by melt flow dynamics, is followed by cooling and solidification, in
which the material transitions from molten to solid and interlayer bonding is established.
As the structure grows, thermal gradients result in residual stresses, deformation, and
potential warping—phenomena addressed through thermal–mechanical analysis. Finally,
the mechanical and structural properties of the printed part are evaluated to determine
whether it meets performance requirements, a step that often informs the design of new
materials or reinforcement strategies. Each of these stages introduces distinct physical
challenges that are targeted through specific numerical modeling strategies.
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Figure 5. Schematic representation of key physical phenomena in FFF (self-developed).

In the following section, the focus is placed on the rheological properties of ther-
moplastics, which critically influence extrusion performance, flow stability, and material
deposition during FFF.

3.3. Rheological Behavior of Thermoplastics in FFF

Rheology is the study of the deformation and flow properties of materials when
subjected to external stress. In the FFF process, understanding the rheological behavior of
molten thermoplastics within the heated die is essential for controlling process parameters
and determining the quality of the printed part. In FFF, the filament feedstock is initially
pulled by pinch rollers into the filament feed tube or directly into the heat break in the hot
end. In this configuration, the filament acts as a continuous piston that pushes the molten
material through the heated channel and the threaded nozzle onto the build plate [24]. The
pressure required to extrude the melt is influenced by both the rheological behavior of the
material and the geometric parameters of the print head. A failure in filament feeding
can occur when the extrusion pressure exceeds the filament’s ability to support the load,
leading to buckling. In this context, the viscosity of the molten polymer determines the
resistance to flow, while the compressive elastic modulus of the solid filament determines
its ability to carry the compressive load [25].

The primary geometric parameters of the hot end include the inlet diameter (D1),
corresponding to the filament size; the outlet diameter (D2) of the nozzle; the convergence
angle (β); and the lengths of the extruder nozzle inlet (L1) and outlet (L2) channels [26].
These geometric factors influence the pressure decay along the flow path and therefore the
extrusion force required. As illustrated in Figure 6, the molten polymer flows through four
regions in the extrusion system. In the initial region (I), flow is pressure-driven within the
hot end channel. At the center, both shear stress (τ) and shear rate (

.
γ) are minimal, while

the axial velocity is maximal (vz). At the tube walls, the situation reverses—shear stress
and shear rate reach their maximum values, while the velocity drops to zero [27]. This
condition creates a shear gradient across the cross-section, where molecular orientation
varies with the degree of shear. Molecules near the wall become increasingly aligned, while
those at the center remain more disordered [28].

The mechanical behavior of this flow can be described by basic rheological equations
that relate to stress and deformation under flow conditions. Shear stress (τ) is defined
as the force applied (F) divided by the cross-sectional area (A) of the channel, expressed
as: τ = F / A. Shear rate (

.
γ), on the other hand, is defined as the velocity gradient across

the radius of the flow channel, where dvz is the variation of axial velocity across the tube
diameter and dy is the distance from the center of the tube, yielding:

.
γ = dvz/dy.



Appl. Sci. 2025, 15, 6696 7 of 37

Figure 6. Schematic illustration of the molten polymer flow profile and nozzle geometry, showing
regions I–IV along the extrusion path. Based on Schramm [27].

The polymer melt rheological behavior depends on the applied shear rate. At excep-
tionally low shear rates, typically below 101 s−1, thermoplastics is considered a Newtonian
fluid, exhibiting constant viscosity. In most polymer processing conditions, including FFF,
shear rates fall between 101 and 105 s−1, where the fluid exhibits non-Newtonian, shear-
thinning (pseudoplastic) behaviors. At even higher shear rates, viscosity may plateau again,
restoring Newtonian behavior [28]. Figure 7 illustrates this relationship on a logarithmic
scale. For FFF, shear rates within the nozzle are typically in the range of 100–200 s−1 [25].
Specifically for PLA, pseudoplastic behavior has been observed between 1 and 103 s−1 [29].

Figure 7. Rheological behavior of molten thermoplastics, showing the variation of viscosity (µ) with
shear rate (

.
γ). Based on Manrich [28].

This non-Newtonian behavior is described by the Power Law (Ostwald–de Waele)
model, where k is the consistency index and n is the flow behavior index: τ = k.

.
γn.

Mathematical models for simulating flow in FFF have used this equation [26]. A value of
n = 1 indicates Newtonian behavior, while n < 1 characterizes pseudoplastic fluids [30]. The
lower the value of n, the more pseudoplastic the material, resulting in a flatter flow front.
The velocity profile shown in Figure 7 corresponds to a Newtonian fluid [31]. After region
I, the molten polymer enters the convergent channel (region II), where the flow becomes
elongational due to the change in cross-section. This behavior is analogous to the inlet
region of a traditional extrusion die. In region III, the flow again becomes pressure-driven,
but at increased velocity due to the smaller diameter. Upon exiting the nozzle (region
IV), the flow profile does not present speed variation along the extrudate diameter, as the
polymer enters at ambient pressure and undergoes relaxation, leading to an increase in
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diameter—a viscoelastic phenomenon known as extrudate swell (D3/D2 ratio) [27]. It
is considered that the molten polymer undergoes an axisymmetric contraction flowing
through the nozzle [32]. The cylindrical volume in the region of the inlet nozzle is elongated
and its diameter is reduced; after it passes the convergent channel, it increases again at the
nozzle outlet, reducing its length [27].

Molten polymers show a dependence on the speed, intensity, and time at which stress
is applied, i.e., it is dependent on their thermo-mechanical history. They can partially return
to their original shape after being stretched because their long molecular chains line up
when stressed and then relax back to a random state when the stress is gone [31]. This
behavior generates normal stress components when the polymer is out of the nozzle, which
causes swell [28]. Whether in fluid or solid state, this behavior is called viscoelastic [33],
as mathematical theories are applied in both cases [34]. The extent of extrudate swell
depends on the thermo-mechanical history of the melt. The longer the residence time
inside the nozzle, the greater the relaxation of elongational deformation and the smaller
the residual contribution to swell. However, shear-induced elastic deformation within the
nozzle still contributes to swelling. To mitigate this effect, it is recommended to reduce the
extrusion speed, increase the processing temperature (at constant shear rate), increase the
length-to-diameter ratio (L2/D2), and reduce the diameter ratio (D1/D2) [28,34]. Other
elastic effects during flow include melt fracture, shark skin, and draw resonance. These
phenomena are caused by flow instabilities arising from elastic turbulence at the nozzle
inlet, especially at high deformation rates in elongational flow, where stress levels exceed
the cohesive strength of the polymer [31,35].

Since viscosity is temperature-dependent, extrusion behavior is strongly influenced
by thermal conditions. Excessively elevated temperatures can lead to discharge fluctuation
and thermal degradation, while low temperatures increase viscosity and pressure demand,
potentially resulting in melt fracture [31]. The average level of molecular orientation and
residual stress in the printed part depends on three main factors: I) the shear-induced ori-
entation during deposition; II) the relaxation time of the polymer chains (typically between
0.1 and 0.5 s for certain polymers); and III) the effective cooling time between processing
temperature (Tp) and solidification temperature (Ts). This cooling time is determined by
the size and geometry of the part, the polymer’s specific heat, and the temperature intervals
Tp–Ts and Tp–Tr, where Tr is room temperature [34]. The filament softens and melts in
the heater block, which contains a machined flow channel. The melt quantity depends on
the heat flux and material feed rate [24,26]. The rate of thermal exchange is governed by
the material’s thermal diffusivity, which is determined by its conductivity, density, and
specific heat [30]. As the temperature increases, viscosity decreases, reducing pressure
drop and enhancing bonding between layers [26]. The pressure inside the die is controlled
by variables: the geometry of the flow channel, the rheological properties of the melt, the
temperature distribution, and the volumetric flow rate [35]. Material deposition is based
on a constant volumetric displacement principle, where the flow rate is governed by the
speed of the counter-rotating roller [24].

4. Numerical Simulation Applied to the FFF Process
Based on the stages illustrated in Figure 5, simulations are grouped into four cate-

gories: melt flow, cooling and solidification, thermal–mechanical behavior, and material
property characterization [3]. Melt flow simulations focus on shear forces, viscosity varia-
tions, and flow stability, ensuring precise material deposition and interlayer bonding [36].
Cooling and solidification studies explore thermal gradients, heat dissipation mechanisms,
and their effects on mechanical properties, which are key to preventing warping and
structural defects [37]. Thermal–mechanical models predict stress distribution, distortion
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patterns, and deformation risks, aiding in process optimization and defect mitigation [1,38].
Finally, material characterization simulations allow for the correlation between process
parameters and final material properties, ensuring that predictions align with experimental
validation [3].

The following sections provide an in-depth review of each numerical modeling do-
main, detailing key methodologies and significant findings that contribute to advancing
FFF-based additive manufacturing.

4.1. Melt Flow

The melt flow behavior in FFF significantly influences the extrusion stability, the
deposition accuracy, and the interlayer adhesion, which directly affect the mechanical
properties and dimensional precision. Understanding polymer melt dynamics within the
hot end, during extrusion, and after deposition enables control over print quality and the
optimization of process parameters. CFD has advanced predictions of melt flow, specifically
addressing viscosity effects, shear-induced deformation, and heat transfer processes.

Temperature and shear rate, closely related to extrusion speed, primarily govern the
melt flow of thermoplastic materials during deposition. Due to the low pressures in FFF,
these rheological factors dominate flow dynamics. Comminal et al. (2018) [39] developed a
CFD model that considered polymer flow as an isothermal Newtonian fluid, demonstrating
how filament geometry depends on nozzle-to-substrate gap and extruder-to-substrate
velocity ratio. Their findings emphasize the precise control of deposition parameters to
achieve optimal filament shape and interlayer adhesion. Figure 8 shows how the strand
shape (W/H) and density (A/(W·H)) change based on the distance from the nozzle to
the surface (g/D) and the speed of the material flow (V/U). As g/D increases, the aspect
ratio decreases, indicating a wider and flatter strand profile, while the compactness is
maximized at intermediate V/U values, reflecting the interplay between shear rate and
material deposition behavior.

Figure 8. Aspect ratio (W/H) and compactness (A/(W·H)) of the deposited strand as functions of the
normalized nozzle gap (g/D) and velocity ratio (V/U). Adapted with permission from [39].

Building on their earlier findings, Serdeczny et al. (2022) [40] developed an advanced
CFD model, incorporating viscoelastic rheology to simulate the non-isothermal polymer
flow more accurately through the hot end in filament-based additive manufacturing. Unlike
previous models that assumed fully liquefied flow or employed generalized Newtonian
approximations, this approach accounted for shear and elongational stresses, offering
improved predictive accuracy for filament feeding forces across varying process condi-
tions. The model was experimentally validated and demonstrated strong alignment with
measured data, particularly under high flow rates. Furthermore, it enabled the parametric
optimization of key hot-end geometries, such as liquefier length, capillary diameter, and
inlet angle, highlighting their impact on flow stability and extrusion performance. These
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findings reinforce the earlier conclusions by Serdeczny et al. (2020) [41], who identified
recirculation regions at the solid–melt interface as critical factors that influence tempera-
ture distribution and pressure buildup within the nozzle, underscoring the importance of
physically representative rheological modeling (Figure 9).

Figure 9. Sketch illustrating the definition of the solid filament, recirculation region, stagnation point,
and melt zone. Adapted with permission from [41].

Nozzle design plays a fundamental role in controlling melt flow dynamics in extrusion-
based additive manufacturing. Jeong et al. (2021) developed a nozzle modification strategy
aimed at controlling the orientation of filler particles during extrusion [42]. By embed-
ding an orifice geometry into the nozzle, they induced the perpendicular alignment of
anisotropic reinforcements, which directly influenced the mechanical anisotropy of printed
parts. Through combined experimental and numerical analysis, the study demonstrated
how nozzle-induced flow fields affect particle orientation, highlighting the importance of
microstructural control in melt flow modeling and the functional optimization of fiber-
reinforced filaments [42].

Building on this notion of nozzle-function tailoring, Schuller et al. (2024) [43] employed
CFD simulations coupled with global optimization algorithms to improve nozzle geometry
for high-speed FFF applications. By parameterizing the nozzle profile using spline curves
and enforcing manufacturability constraints, they identified geometries that significantly
reduce pressure drops while maintaining effective flow characteristics. Experimental
validation confirmed these findings, demonstrating that optimized nozzles—particularly
the organic and PET-G-specific designs—lowered pressure drop by up to 67%, with reduced
backflow and improved extrusion force control. These results emphasize that tailoring
nozzle design to polymer rheology can directly enhance printing performance, precision,
and throughput, employing nozzle optimization as a valuable tool in the advancement of
FFF processes (see Figure 10).

 

(a)  (b) 

Figure 10. Nozzle geometries (a) and pressure drop reduction per geometry compared to the
standard nozzle (b), with values obtained from simulations and experimental validation. Adapted
with permission from [43].



Appl. Sci. 2025, 15, 6696 11 of 37

At high extrusion speeds, melt flow presents additional complexities. Phan et al.
(2020) [29], through CFD simulations in ANSYS Fluent (Version Ansys 2020 R1), observed
that rapid extrusion reduced the heating period, resulting in incomplete polymer melting,
filament distortion, and decreased accuracy. They indicated that current numerical models
fall short under high-speed conditions and recommended developing advanced thermal
and rheological models to improve predictive accuracy. This limitation is closely tied to
the viscoelastic nature of polymer flow at elevated deformation rates, particularly during
elongational deformation in the nozzle. Figure 11 presents the pressure drop of PLA melt as
a function of shear rate, measured using both capillary and orifice dies. The steep increase
in pressure drop with shear rate underscores the dominance of elongational effects in
high-speed extrusion and supports the adoption of the Phan–Thien–Tanner (PTT) model
to predict flow resistance more accurately under these conditions. These experimental
insights validate the simulation observations and highlight the need for rheological models
that capture pseudoplastic behavior when aiming to scale FFF processes to higher speeds.

Figure 11. Pressure drops of PLA as a function of shear rate, measured using capillary and orifice
dies. Adapted with permission from [29].

Collectively, these studies indicate that melt flow behavior in FFF strongly depends on
extrusion conditions, including nozzle temperature, feed rate, and layer height. CFD-based
approaches effectively characterize flow instabilities, optimize deposition, and enhance
interlayer bonding. Nevertheless, melt flow alone does not solely determine the mechanical
properties of printed components. Post-deposition cooling and solidification introduce
thermal dissipation and phase transitions that significantly impact residual stresses and
structural stability. The subsequent section explores these thermal mechanisms and their
role in interlayer adhesion, mechanical strength, and dimensional accuracy in FFF.

4.2. Cooling and Solidification

The cooling and solidification phase in FFF is designed to achieve optimized interlayer
adhesion, mechanical performance, and dimensional accuracy (Liparoti et al., 2021) [44].
Removing heat properly during the polymer deposition process helps to create strong
bonds between layers by allowing effective molecular diffusion. Therefore, it is necessary
to control the heat transfer mechanisms (conduction, convection, and radiation) to maintain
structural integrity and ensure high-quality printed components. Among these mecha-
nisms, conduction has been identified as the dominant heat transfer mode. Costa et al.
(2014) [45] confirmed that conduction between deposited filaments and the build plate
significantly outweighs convection and radiation in cooling efficiency. They recommended
strategies such as preheating the build surface or controlling chamber temperatures to
effectively reduce thermal gradients, thereby minimizing warping and delamination.
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Heat transfer also determines the quality of filament bonding. Zhang et al. (2017) [46]
developed a 3D transient thermal model and found that reheating from newly deposited
layers improved molecular entanglement, whereas rapid cooling negatively impacted inter-
layer strength. In addition to the thermal findings, their study employed the Element Birth
and Death technique in ANSYS to simulate the sequential nature of layer deposition. This
approach allowed the model to dynamically activate elements as new material was added,
accurately capturing the temporal evolution of the thermal field and heat accumulation
across layers. As a result, the simulation provided enhanced insight into local reheating
effects, cooling gradients, and the influence of deposition timing on interlayer temperature
history. Similarly, Zhou et al. (2016) [47] used FEA, which considers how materials behave
at different temperatures, and found that quick cooling is harmful because it limits how
materials can mix, weakens their stickiness, and raises internal pressures. To optimize
bonding quality, they recommended controlling cooling rates through adjustments in build
plate temperature and using enclosed printing environments.

Further deepening the understanding of adhesion, Coogan and Kazmer (2017) [48]
developed a diffusion-based healing model, emphasizing maintaining interfacial temper-
atures above the polymer’s glass transition temperature (Tg) to enhance polymer chain
diffusion effectively. Similarly, Lepoivre et al. (2020) [49] utilized infrared thermogra-
phy and thermal simulations to explore heat transfer and adhesion during FFF. They
demonstrated that filament adhesion depends heavily on coalescence and polymer chain
reptation, the thermal motion of polymer chains that allows them to entangle and effec-
tively bond. Both phenomena are driven by the thermal history experienced during the
process. Their findings indicate that precise thermal management, particularly accurate
control over the cooling rate, significantly enhances mechanical performance, especially in
high-performance thermoplastics such as PEKK (see Figure 12).

Figure 12. COMSOL® model showing the temperature evolution (◦C) for ABS during the extrusion
process. Adapted from [49].

Addressing practical constraints, Go et al. (2017) [50] identified key limitations such as
extrusion force, heat transfer efficiency, and printhead motion in FFF. Their results indicated
that elevated nozzle temperatures enhance extrusion speeds but are limited by insufficient
thermal conduction within the filament core, increasing extrusion forces and the risk of
filament buckling. To address this, they suggested longer liquefiers to enhance heating
efficiency, enabling higher flow rates without excessive force. These thermal limitations
are further illustrated in Figure 13, where finite element simulations show that, as flow
rate increases, heat penetration into the filament core decreases significantly, especially
near the liquefier inlet. At higher build rates, core temperatures drop, highlighting the
reduced thermal residence time. These findings support the recommendation to implement
extended heating zones and underscore the critical role of balanced thermal management
in ensuring efficient material flow and preventing mechanical instabilities during the
printing process.

Enhancing print reliability, Jin et al. (2020) [11] developed an AI-based real-time
monitoring system using computer vision and embedded strain sensors to promptly detect
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interlayer defects such as warping and delamination. Their system successfully identi-
fied defects early, significantly improving reliability and reducing material waste. The
relationship between cooling dynamics and residual stress generation further clarifies
the role of thermal management in FFF. Xia et al. (2018) [51] employed CFD simulations
to reveal that uneven cooling leads to differential thermal contraction, causing localized
stresses and dimensional inaccuracies. By incorporating temperature-dependent shrink-
age models, their simulations improved predictions of residual stresses. Extending these
findings, Serdeczny (2020) [52] developed a comprehensive numerical model, indicating
that the rapid cooling near the nozzle exit increases residual stresses, resulting in geometric
distortions. Experimental validation confirmed that higher extrusion temperatures enhance
adhesion but simultaneously increase the residual stress of thermal origin.

Figure 13. Finite element simulation of heat transfer within the liquefier: (a) diagram of the three
geometric regions—heater tube, constriction, and nozzle; (b) temperature distribution at volumetric
flow rates of 30, 60, and 90 cm3/h, showing reduced thermal penetration at higher rates; (c) core
temperature as a function of build rate at various axial distances from the inlet. Adapted with
permission from [50].

Together, these studies underscore the role of temperature evolution in determining
bonding quality and dimensional outcomes during FFF. However, the development of
internal stresses resulting from non-uniform cooling and constrained thermal contraction
cannot be fully explained by thermal considerations alone. To address this, the following
section focuses on how residual stress accumulation and thermally induced deformation
evolve during the printing process, and how they influence the structural integrity and
reliability of FFF-manufactured parts.

4.3. Thermal–Mechanical

Thermal–mechanical behavior in FFF involves the interaction between thermal gradi-
ents, material shrinkage, and mechanical constraints imposed by the layered manufacturing
process. These interactions lead to the development of residual stresses and strain localiza-
tion, which can result in defects such as warping, delamination, or dimensional instability.
Numerical approaches typically address these effects by coupling transient thermal simula-
tions with mechanical models that incorporate temperature-dependent material properties
and layer-by-layer deposition sequences.

One of the earliest mathematical models for warp deformation in FFF was developed
by Wang et al. (2007) [53], who analyzed thermal stresses induced by material contraction
during cooling. Their study examined the influence of deposition layer count, section
length, chamber temperature, and material shrinkage rate on deformation. They found
that higher chamber temperatures reduce warp deformation, while larger stacking sections
and higher shrinkage rates increase it. Their model provided valuable insights into process
optimization, emphasizing that adjusting raster angles and partitioning deposition areas
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can significantly improve dimensional accuracy. However, the model does not fully account
for residual stress evolution during cooling or the effects of complex geometries, limiting
its applicability for intricate parts.

To expand simulation capabilities and reduce computational demands, Bhandari and
Lopez-Anido (2020) [54] introduced a discrete-event thermal model capable of capturing
transient heat transfer behavior during the printing process. Their approach demonstrated
good agreement with more computationally intensive methods, making it suitable for effi-
cient thermal prediction across various geometries and parameter settings. More recently,
Jiang (2023) [55] developed a high-fidelity thermal simulation framework specifically aimed
at improving the prediction of temperature fields and guiding the process optimization
of printed polymer and composite parts. The study emphasized the importance of accu-
rately capturing spatiotemporal temperature gradients to mitigate stress concentrations
and improve structural performance.

Building on earlier findings, advanced finite element approaches have been developed
to simulate stress accumulation and deformation in FFF. Morvayová et al. (2023) [56]
developed a 3D thermo-mechanical finite element model to predict dimensional accuracy,
defect formation, and residual stresses in wood/PLA biocomposites fabricated via FFF.
Their study identified uneven filler distribution and high hydrophilicity as major chal-
lenges, influencing printability and final part stability. The model, validated experimentally,
demonstrated that residual stresses are sensitive to layer thickness and extrusion temper-
ature. As shown in Figure 14, residual stress increased significantly with thicker layers,
with values peaking at 48 MPa for 0.25 mm layer thickness. Lower nozzle temperatures
and thinner layers resulted in reduced thermal gradients and lower residual stress values,
especially in the lower portions of the parts, which remained more constrained by platform
adhesion. These findings reinforce the need to optimize process parameters, especially for
heterogeneous biocomposites, and highlight current limitations in capturing anisotropic
thermal–mechanical interactions in such materials.

Figure 14. Residual stress distribution in FFF-manufactured PLA/wood biocomposite cubes with
varying layer thicknesses and extrusion temperatures. Adapted with permission from [56].

Another finite element modeling approach was developed by Cattenone et al.
(2018) [57], who used ABAQUS to predict distortions in FFF with a sequential element
activation method. Their study showed that smaller time steps improve temperature
accuracy but have minimal effect on residual stress, while finer meshing improves stress
gradient predictions but significantly increases computational cost. Their model was vali-
dated against experimental data for a planar spring and a bridge model, showing good
agreement, with vertical displacement errors of 23% and 12%, respectively. However, the
study highlighted the need for better adhesion models to capture first-layer interactions
and improved methods for predicting part detachment and warping behavior.



Appl. Sci. 2025, 15, 6696 15 of 37

The impact of temperature variations on residual stress and part deformation was
also investigated by El Moumen et al. (2019) [58], who developed a 3D thermo-mechanical
model to predict temperature gradients, residual stresses, and delamination in FFF-printed
polymer composites. Their results showed that rapid temperature changes between lay-
ers increase stress concentrations, raising the risk of delamination. Their analysis also
found that filament deposition produces higher temperature gradients than layer-by-layer
printing, leading to more distortion and stress accumulation. Experimental validation
showed temperature deviations below 5%, confirming the model’s accuracy. However, they
emphasized the need for better modeling of anisotropic mechanical behavior and complex
thermal interactions to improve stress predictions.

These studies jointly confirm that residual stresses and thermal deformations remain
significant challenges in FFF, requiring a combination of multi-scale modeling and opti-
mized print parameters to mitigate these limitations. The next section will explore the role
of material properties and their characterization, detailing how processing conditions, fiber
integration, and post-processing techniques influence final part performance.

4.4. Material Property Characterization

The mechanical and thermal behavior of materials in FFF depends on process pa-
rameters, material composition, and reinforcement strategies [36]. Factors such as layer
thickness, infill density, raster orientation, and cooling rate influence strength, ductility,
and failure mechanisms in printed parts [10]. To optimize material performance and struc-
tural integrity, researchers have combined experimental testing, numerical modeling, and
real-time defect detection to evaluate how printing parameters affect mechanical behavior.

The influence of printing parameters on mechanical properties has been studied. Croc-
colo et al. (2013) [59] and Domingo-Espin et al. (2015) [60] investigated the mechanical
behavior of parts produced via FFF, focusing on ABS-M30 and Polycarbonate (PC), respec-
tively. Both studies concluded that strength and stiffness were highest when filament layers
were aligned with the loading direction, whereas perpendicular loading resulted in weaker
performance due to reduced interlayer bonding. Analytical and finite element models
developed by these authors closely matched experimental results, achieving average devi-
ations below 10%. However, both studies emphasized the need for improved modeling
to better capture plastic deformation and failure behavior beyond the elastic limit. The
experimental and numerical configurations used by Domingo-Espin et al. are illustrated in
Figure 15.

Figure 15. Experimental setup for the physical test (left) and ANSYS® simulation schematic (right).
Small displacement views (a,b), and images at 35 mm of deformation (c,d). All dimensions in
millimeters. Adapted from [60].
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In addition to mechanical performance, geometric accuracy and surface quality are
crucial for material characterization. García Plaza et al. (2019) [61] studied how build
orientation, layer thickness, and feed rate affect PLA part dimensions, flatness, and surface
texture. Thinner layers improved dimensional accuracy, while feed rate had minimal
impact. Flatness errors primarily resulted from variations in layer thickness and extruder
acceleration/deceleration, with higher feed rates increasing material accumulation. Surface
roughness increased with thicker layers due to the stair-stepping effect inherent in layered
manufacturing. The study highlighted the importance of precise extruder control and
optimized parameters for better surface quality and geometric accuracy.

A simplified numerical model was proposed by Zouaoui et al. (2021) [62] to predict
the mechanical behavior of FFF 3D printing parts that are built from an ABS pre-structured
material. The model effectively addresses the anisotropic build configuration by assigning
local material reference frames to individual mesh elements. It treats the material as homo-
geneous and employs specific material constants to introduce anisotropy associated with
intricate deposition trajectories. Their results verify that the material exhibits quasi-isotropic
elastic behavior, as the longitudinal and transversal Young’s modulus are approximately
equivalent. The strength anisotropy in tensile specimens with varying raster angles has
been determined by combining Hill’s criterion with the filament’s plastic flow curve. The
longitudinal direction possesses the highest yield strength and a ductile behavior, whereas
the transversal direction is the weakest and demonstrates fragile behavior at the yielding
point. These effects are quantitatively illustrated in the comparison between simulated and
experimental load–displacement curves shown in Figure 16.

(a)  (b) 

Figure 16. Load–displacement curves from CT tests. The numerical model response is compared
to experimental results. (a) Classical samples printed with ±45◦ raster orientation; (b) Optimized
samples with filament aligned along the principal stress direction. Adapted from [62].

Advancing such models requires precise experimental characterization to obtain
reliable and process-relevant material data. Dynamic Mechanical Analysis (DMA) provides
viscoelastic properties, such as storage and loss moduli across a range of temperatures,
that are commonly used to model stress relaxation and residual stress evolution [63].
Differential Scanning Calorimetry (DSC) is widely applied to identify thermal transitions,
including glass transition temperature (Tg), melting point (Tm), and crystallinity, which
affect shrinkage and stiffness, particularly in semicrystalline polymers like PLA and PA.
Additionally, micro-computed tomography (micro-CT) allows the non-destructive, high-
resolution imaging of internal porosity, fiber distribution, and interlayer adhesion. These
structural insights support the validation of mesoscale simulations and help to relate
internal features to mechanical behavior [64].

Material failure mechanisms have also been studied extensively. Garg and Bhat-
tacharya (2017) [65] conducted FEA and experimental tests to study the effect of raster
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angle and layer thickness on tensile failure. They found that thinner layers improve elon-
gation and load-bearing capacity due to the higher number of load-aligned layers, while
thicker layers result in higher tensile strength because of fewer air voids and stronger
interlayer bonds. Figure 17 illustrates the stress distribution across samples with different
raster angles and layer thicknesses. Specimens with 0◦ rasters exhibit more uniform stress
distribution along the loading direction, while those with 90◦ rasters show stress localized
at the interlayer regions, leading to early delamination. In 0◦/90◦ raster configurations,
failure typically initiates in the 90◦ layers and propagates through the structure, ending
in brittle fracture of the 0◦ layers. These results highlight the need for refined models
that can better capture interlayer bonding behavior and failure progression in anisotropic
printed parts.

Figure 17. Cross-sectional stress distributions from FE simulations of FFF specimens with different
layer thicknesses and raster angles, including a solid specimen. Adapted with permission from [65].

Expanding on anisotropy in AM, Dai et al. (2025) [66] reviewed the mechanical
behavior of additively manufactured materials, focusing on how the layer-by-layer process
creates structural heterogeneity, residual stress, and defects. Their analysis found that
materials, process parameters, and post-processing techniques all influence anisotropic
behavior, with metals, polymers, and composites responding differently. Crystal plasticity
models accurately predict anisotropy in metals, but polymer models often oversimplify
microstructural effects. They emphasized the need for improved modeling approaches that
integrate machine learning and multi-scale physics but noted that many current models
lack validation across different AM processes, highlighting the need for better experimental
benchmarking and real-time simulation improvements.

To improve failure detection, Fu et al. (2025) [12] developed a simulation-in-the-loop
framework for real-time structural validation in AM. Their system combines FEA with in
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situ defect detection, using a U-net image segmentation model to analyze defects layer by
layer. Experimental tests on a material extrusion printer demonstrated that the framework
could predict failure strength within 5% accuracy, allowing for early defect detection and
automated print termination when necessary. They found that defect size and distribution
directly influence stress accumulation, but computational efficiency remains a challenge in
complex geometries and high-speed printing. The progression of strain distribution in a
defective sample under tensile loading is illustrated in Figure 18.

 

Figure 18. Strain distribution progression in a sample with an internal defect subjected to tensile load-
ing. The sequence shows the evolution from the initial unloaded state to post-fracture, highlighting
the average axial strain. Adapted from [12].

To further enhance failure prediction and quality assurance in FFF, thermography-
based approaches have also been explored. Rodríguez-Martín et al. (2020) [13] demon-
strated the use of active thermography supported by machine learning to predict internal
defects in polymer-based additively manufactured components. Their methodology en-
abled the non-destructive, real-time identification of internal flaws from thermal sequences,
improving process monitoring and reliability. Building on this, Rodríguez-Martín et al.
(2022) [14] employed step-heating thermography in combination with simulation and ML
models to accurately estimate internal defect sizes. Their results underscore the potential
of integrating thermal diagnostics with data-driven techniques to support in situ structural
validation and quantitative defect characterization. These contributions reinforce the grow-
ing relevance of hybrid experimental–computational methods in advancing defect-aware
modeling for FFF.

However, despite their potential, current validation strategies still face critical gaps.
Traditional methods, such as mechanical testing under simplified geometries [59,60] or
dimensional accuracy analysis [61], often neglect microstructural irregularities and transient
thermal effects. Techniques like micro-computed tomography (µCT) [64], simulation-
in-the-loop validation [12], and thermography supported by machine learning [13,14]
have improved the ability to detect and quantify internal defects, but their adoption
remains limited due to equipment costs, a lack of standardized protocols, and challenges in
integrating experimental data into numerical frameworks. Therefore, advancing reliable
FFF simulation will require the broader implementation of high-fidelity, non-destructive
validation tools and coordinated efforts to establish shared benchmarks across materials,
geometries, and simulation platforms.

Building on this foundation, future research should prioritize advanced modeling
techniques capable of capturing anisotropy, residual stresses, and defect formation more
effectively. Integrating machine learning with multi-scale physics-based simulations and
real-time process monitoring could significantly enhance predictive accuracy and effi-
ciency. In the next section, the influence of fiber reinforcement on material performance
is examined, specifically addressing how fiber type, orientation, and distribution impact
composite properties.
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5. Fiber-Reinforced Composites
Most polymers employed in Fused Filament Fabrication (FFF) exhibit inherently low

mechanical properties; one effective strategy to enhance their performance is reinforcement
with fibers. Integrating fiber reinforcements into thermoplastic matrices significantly im-
proves mechanical strength, dimensional stability, and thermal performance in FFF [67,68].
Short fiber-reinforced composites (SFRCs), commonly carbon, glass, or natural fibers, im-
prove stiffness and moderately increase strength, but their properties remain anisotropic
due to random fiber orientations. Continuous fiber-reinforced composites (CFRCs) provide
superior mechanical properties comparable to polymeric materials but require precise fiber
alignment and controlled deposition, complicating the printing process.

Yang et al. (2017) [69] developed a coupled Smoothed Particle Hydrodynamics (SPH)
and Discrete Element Method (DEM) model to simulate the 3D printing process of fiber-
reinforced polymers. Their study explored the behavior of both short glass fibers in ABS
and continuous carbon fibers in Nylon during extrusion. As shown in Figure 19, short
fibers tend to align with resin flow, but interactions near the nozzle walls can introduce
chaotic movement and reduce alignment. In contrast, continuous fibers remain centered
early in the extrusion but undergo significant bending deformation and stress buildup as
printing progresses. This deformation, along with fiber–nozzle contact, can lead to tool
wear and performance reduction. The model also demonstrated how nozzle geometry
and extrusion velocity influence flow fields and fiber positioning. Although the model
lacked thermal and shrinkage considerations, it provided valuable insights into fiber–resin
interactions and established a foundation for multi-physics simulations.

Figure 19. Simulated velocity profiles of resin flow and fiber behavior during FFF extrusion.
(a) Short glass fiber/ABS composites show chaotic flow-induced reorientation; (b) Continuous
carbon fiber/Nylon composites exhibit bending and stress concentration due to interaction with
nozzle walls. Adapted with permission from [69].

Yang et al. (2022) [70] further studied fiber breakage and orientation experimentally
using X-ray micro-computed tomography (µCT), finding that smaller nozzles increased
fiber breakage and larger layer heights improved alignment but increased porosity, thus
decreasing tensile strength. Their results highlighted critical trade-offs between fiber
integrity and mechanical performance.

Topology optimization has emerged as an effective approach for improving composite
performance. Yang et al. (2022) [71] developed a topology optimization method aligning
fiber paths with stress distributions, improving stiffness-to-weight ratios and manufac-
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turability. Experimental validations confirmed improvements but emphasized the need
for better fiber continuity and optimized path planning. Yap et al. (2024) [72] similarly
demonstrated that topology optimization improved stress distribution and structural per-
formance compared to shape optimization, although defects and fiber misalignments from
manufacturing processes indicated that models should better reflect practical constraints.
These observations are further supported by Figure 20, which presents numerical stress
analysis, crack initiation zones, and µCT scans of failed specimens.

Figure 20. (a) FEA Tsai–Wu failure contour with insets showing 1-direction stress, 2-direction stress,
and shear stresses in two selected regions. (b) Close-up of sudden crack formation at failure in the
experimental coupon. (c) Micro-computed tomography (µCT) slices of the failed coupon compared
with the corresponding close-up of the design. Adapted from [72].

Broader reviews by Brenken et al. (2018) [68] emphasized that fiber alignment in-
creases stiffness but reduces transverse strength, highlighting interlayer adhesion as critical.
Large-scale systems, such as Big Area Additive Manufacturing (BAAM) and Large-Scale
Additive Manufacturing (LSAM), improved production speeds but still face challenges
in accurately predicting fiber orientation, improving interlayer bonding, and modeling
residual stress. Brenken et al. (2019) [73] validated finite element models predicting residual
stresses and deformation in printed composites but identified limitations in modeling layer
adhesion failures, especially for large-scale parts. Tekinalp et al. (2014) [67] experimentally
demonstrated high fiber alignment in carbon fiber-reinforced ABS composites, significantly
enhancing mechanical performance despite increased porosity. These composites matched
or exceeded aluminum alloys’ specific strength, demonstrating their structural potential.

Despite these advancements, real-world applications still face major challenges such as
void formation, fiber misalignment, and weak interfacial bonding. Zhang et al. (2025) [74]
and Plamadiala et al. (2025) [75] reviewed common defect types and process-level strate-
gies to mitigate them, including in situ heating and tailored deposition. However, these
techniques offer only partial solutions and often require compensatory adjustments to
extrusion temperature, nozzle geometry, or material formulation.

These limitations have prompted efforts to more accurately incorporate experimental
imperfections into simulation models. For example, Somireddy et al. (2022) [76] developed
and compared two finite element models of ABS–short carbon fiber composites, aiming to
capture the effects of interfacial defects and fiber alignment. As shown in Figure 21, Model
CM-1, based on virgin ABS properties, significantly overestimated stiffness and strength,
while CM-2, which incorporated tensile data from printed specimens, more accurately
reflected the nonlinear behavior observed in experiments. This comparison underscores the
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importance of using real defect-informed material data to improve the predictive reliability
of composite FFF simulations.

Figure 21. Stress–strain curves of ABS–sCF composite specimens under uniaxial tensile loading for
(a) cross-ply and (b) angle-ply printing strategies, comparing computational models CM-1 and CM-2
with experimental results. Adapted with permission from [76].

Building upon the need to better capture and control defect formation, recent studies
have explored intelligent control strategies during the printing process. Lu et al. (2023) [15]
developed a deep learning-assisted framework for real-time defect detection and closed-
loop adjustment in the fabrication of continuous fiber-reinforced polymer composites. By
integrating sensor data with neural network-based decision models, their system detected
anomalies and adaptively modified print parameters to prevent defect propagation. This
architecture not only improved process reliability but also demonstrated the feasibility
of combining artificial intelligence with physical simulation to enhance control in fiber-
reinforced FFF.

Taken together, these studies reveal both the potential and the persistent limitations
of fiber-reinforced FFF. While predictive models have become increasingly sophisticated,
they still struggle to fully capture the coupled effects of fiber orientation, bonding quality,
and defect distribution. One of the key remaining gaps is the ability to link microstructural
behavior to macroscopic performance. Recent approaches—such as thermal–mechanical
models with in situ deformation tracking [77] and hybrid machine learning frameworks
that incorporate physical laws [78]—have begun to address this. However, progress is con-
strained by the lack of standardized validation methods. Moving forward, a combination of
high-fidelity simulations, robust experimental datasets, and process-aware material models
will be essential to bridge the gap between theory and application in composite FFF.

6. Systematic Literature Review
6.1. General Trends in Simulation Approaches

To provide a comprehensive overview of the current modeling approaches in FFF
using PLA, a comparative analysis of relevant studies was conducted. Table 1 summarizes
the characteristics of the selected studies, including materials analyzed, methodologies
employed, simulation software used, key parameters, and principal findings. This synthesis
offers a structured basis for understanding the modeling strategies applied in the context
of FFF with PLA. A consistent feature across the studies is the reliance on numerical
tools adapted to simulate thermal, mechanical, and rheological behavior during filament
deposition. These include commercial platforms equipped with proprietary or customizable
algorithms, such as Ansys®, Abaqus®, COMSOL [79], UMFPACK [80], Slic3r [58], multi-
scale algorithms [81], and other in-house numerical models [82].
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Table 1. Systematic literature review.

REF Analysis Material
Evaluated Software Parameters

Analyzed Results Limitations and Gaps

[2] RW - R (Bibliometrix), VOS
viewer

Keywords, research
trends, co-authorship,
topic clusters.

Identifies growth in AM linked to
Industry 4.0 (AI, IoT) and 5.0
(human-centric design).

Focused on Scopus data, lacks
technical depth on AM process
and integration.

[3] RW Polymers Ansys, Abaqus,
COMSOL, MATLAB

Melt flow, thermal
behavior, mechanical
properties.

Numerical models can predict
process behavior but often rely on
simplified assumptions.

Limited experimental validation
and oversimplified material
behavior.

[4] RW FRP –
Applications, challenges,
material systems,
performance.

Reviews CFRP benefits in multiple
sectors; emphasizes lightweighting
and customizability.

Broad scope lacks deep technical
analysis or modeling of fiber
performance.

[9] RW Natural fibers and
mineral composites

R (Bibliometrix), VOS
viewer

Sustainability,
biodegradability,
fiber/matrix interaction.

Natural fillers offer eco-friendly
AM options; fiber alignment and
treatment improve properties.

Lacks standardization and
process control; limited
mineral-reinforced AM data.

[17] RW Thermoplastics – Material selection, design
parameters, trends.

Covers extrusion methods, hybrid
processes, and polymer categories.

Lacks coverage of real-time
control, multi-materials, and
long-term validation.

[19] RW Thermoplastics – Void types, formation
causes, parameter effects.

Defines four main void types;
parameter tuning and
post-processing reduce defects.

No real-time detection methods:
predictive modeling is still
limited.

[32] RW - –
Inelastic models,
flow-type parameters,
rheological equations.

Discusses flow-type parameter use
in CFD to improve realism for
non-Newtonian polymer melts.

No direct AM application serves
as a foundational theory for
future simulations.

[36] RW Polymers and
Composites

Ansys, COMSOL,
MATLAB

Melt flow, solidification,
warpage, fiber
orientation.

Models capture key process stages,
including melt and solidification,
but lack integration.

Few fully coupled models; limited
experimental validation.

[38] RW Polymers and
Composites –

Material type, printing
temperature, phase
change, actuation
behavior.

Residual stresses affect shape
recovery and structural
deformation; driven by thermal
gradients and anisotropic effects.

Lack of quantitative models and
experimental studies on stress
evolution during actuation.
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Table 1. Cont.

REF Analysis Material
Evaluated Software Parameters

Analyzed Results Limitations and Gaps

[66] RW Polymers and
Composites –

Multi-scale, data-driven,
and hybrid modeling
techniques.

Reviews challenges in capturing
AM anisotropy; proposes hybrid
models with higher fidelity.

Limited validation in complex
shapes; no unified modeling
framework.

[25] MF Ceramic-filled
filaments (FDC) – Rheology, density,

shrinkage, feed rate.

Establishes link between feedstock
rheology and printing success in
ceramic-FFF.

FDC-specific; outdated
parameters and machine controls.

[26] MF ABS, PLA – Feed rate, heat transfer,
pressure drop, bonding.

Models help to explain flow
mechanics and bonding; support
process improvement.

Lacks validation and real-time
data; material property databases
are limited.

[29] MF PLA Ansys Fluent,
Polyflow

Viscosity, pressure drop,
temperature, flow
patterns.

Identifies vortex formation and
pressure concentration near nozzle
tip affecting extrusion consistency.

Assumes Newtonian flow;
neglects viscoelasticity and
phase-change dynamics.

[39] MF Thermoplastics Ansys Fluent
Gap distance, velocity
ratio, strand shape, flow
rate.

Filament shape and contact area are
strongly influenced by nozzle gap
and speed ratio.

Neglects temperature effects and
non-Newtonian material
behavior.

[40] MF ABS FLOW-3D, Open
FOAM

Melt temperature,
velocity, pressure, flow
instability.

Viscoelastic model improves
extrusion force prediction; design
optimization reduces flow
irregularities.

High computational cost;
material-dependent parameters.

[41] MF ABS FLOW-3D Melt zone, pressure,
recirculation, feed rate.

Models melt transition and
pressure build-up; recirculation
affects temperature and force.

Lacks viscoelasticity; requires
calibration for different polymers.

[43] MF PET-G, PC, PA6/66,
ABS, PET-CF

Open FOAM,
DAKOTA

Pressure drop, flow type,
extrusion force.

Optimized nozzle geometries
reduce pressure drop and improve
flow stability and control.

Complex implementation in
practice; variations in material
behavior not fully addressed.
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Table 1. Cont.

REF Analysis Material
Evaluated Software Parameters

Analyzed Results Limitations and Gaps

[44] CS PLA Custom (LabVIEW),
DMA, DSC, AFM

Nozzle/bed temperature,
cooling rate, crystallinity,
modulus.

Improved adhesion with higher
residence at 100–140 ◦C; mid-layers
had higher modulus and
compactness.

Upper layer bonding is limited by
cooling rate; model excludes local
defects and complex geometries.

[45] CS ABS Abaqus Conduction, convection,
radiation, deformation.

Identifies conduction and
convection as dominant heat
transfer mechanisms.

Neglects 3D effects: minimal
impact observed from radiation
and air convection.

[46] CS PLA – Temperature field,
cooling rate, reheating.

Shows reheating significantly
impacts layer bonding quality.

Porosity and radiation not
modeled; geometry
simplifications limit accuracy.

[47] CS ABS Ansys Temperature, thermal
conductivity, enthalpy.

Highlights the influence of latent
heat on thermal gradients and
solidification.

Simulates single-track only;
complex geometries not included.

[48] CS ABS – Temperature, diffusion,
wetting, bond strength.

Model predicts bond strength based
on temperature-dependent healing
dynamics.

Assumes ideal wetting; does not
include geometric deformation.

[49] CS ABS, PEKK COMSOL, IR camera Temperature field,
reptation degree, healing.

Demonstrates that thermal contact
dominates bonding; validated with
IR data.

Focuses only on early layer
bonding; does not model
long-term thermal behavior.

[50] CS ABS COMSOL, MATLAB Extrusion force, heating
rate, gantry speed.

Heat transfer limitations restrict
extrusion speed; system
coordination is essential for
performance gains.

Lacks real-time thermal feedback
and uses simplified material
assumptions.

[11] CS PLA Python (ResNet),
Arduino

Nozzle offset, strain,
delamination, warping.

AI-based monitoring detects
delamination early, enabling
predictive quality control.

Model trained on limited data;
generalizability across materials
and setups is untested.
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Table 1. Cont.

REF Analysis Material
Evaluated Software Parameters

Analyzed Results Limitations and Gaps

[51] CS PLA Custom (in-house)
Shrinkage, stress,
temperature,
deformation.

Captures cooling-induced
shrinkage and residual stress in
detail.

High computational cost; does not
account for viscoelastic material
behavior.

[52] CS ABS, PLA FLOW-3D, Open
FOAM

Strand shape,
temperature, pressure,
feeding rate.

Simulates stable and unstable
extrusion regimes based on
pressure and flow patterns.

Viscoelastic effects and complex
geometries underexplored.

[53] TMB ABS –

Number of layers, section
length, chamber
temperature, shrinkage
rate.

Model quantifies warping and
highlights the influence of chamber
temperature and print path length.

Assumes uniform material
properties and constant speed;
lacks validation for complex
geometries.

[56] TMB PLA, Wood
Biocomposite FLOW-3D

Residual stress,
temperature, distortion,
defects.

Model accurately predicts defects
and residual stress; results
validated experimentally.

Assumes perfect bonding and
uniform filler; coarse mesh limits
defect resolution.

[57] TMB ABS Abaqus
Distortion, residual stress,
mesh and timestep
effects.

Accurately predicts Z-direction
distortion; results validated
experimentally.

Does not model anisotropy or
plasticity; simplistic detachment
modeling.

[58] TMB PA12 Digimat Temperature gradient,
residual stress, distortion.

Highlights stress accumulation in
lower layers due to cooling and
reheating cycles.

No experimental validation;
simplified heat transfer and
isotropic assumptions.

[62] TMB ABS Abaqus, NCORR,
Slic3r

Elastic modulus, yield
strength, raster
anisotropy.

Accurately models anisotropic
mechanical response; results agree
with experimental data.

Ignores bonding defects,
filament-scale variations, and
fracture mechanics.

[12] TMB Polymers MATLAB, FEA Strain, displacement,
digital twin coupling.

Digital twin enables real-time AM
validation; supports predictive
modeling of defects.

Implementation complexity:
integration with real-time
feedback not yet streamlined.
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Table 1. Cont.

REF Analysis Material
Evaluated Software Parameters

Analyzed Results Limitations and Gaps

[18] MPC
PLA, ABS, PETG,

Nylon, CF PLA and
ABS

–

Infill density, print
temperature, fiber
reinforcement, tensile
strength, modulus.

Fiber reinforcement and higher
infill improve strength and stiffness;
PLA–CF shows highest modulus
(5.2 GPa).

No standardized testing; limited
insight into fatigue, creep, and
environmental effects.

[24] MPC ABS, FDC – Structural integrity,
defects, shrinkage.

Highlights accuracy issues due to
poor bonding and shrinkage in
early FFF systems.

Limited by hardware/software of
early systems; findings may not
generalize.

[59] MPC ABS-M30 Custom (in-house)
Ultimate strength,
stiffness, build direction,
contour number.

Model predicts tensile strength
within ~4% of test data.

Study limited to flat tensile
geometry; excludes fatigue and
impact performance.

[60] MPC Polycarbonate SolidWorks, Abaqus
Young’s modulus, shear
modulus, Poisson’s ratio,
stress distribution.

Orthotropic model closely matches
experiments; building orientation
significantly affects performance.

Plastic behavior is not captured;
only linear elastic validation
performed.

[61] MPC PLA MATLAB, CMM,
Talysurf

Dimensional accuracy,
flatness, surface texture,
roughness.

Layer thickness strongly influences
geometric accuracy; ANN enables
predictive tuning.

Study limited to a single material
and printer type; generalizability
is low.

[65] MPC ABS ABAQUS Stress–strain, fracture
path, raster failure mode.

Model replicates failure patterns;
thinner layers show higher
elongation.

Assumes isotropy; excludes
thermal effects and neck
formation mechanics.

[73] MPC CF PPS ABAQUS, Additive3D
Residual stress,
crystallinity, shrinkage,
thermal conductivity.

Model predicts deformation with
<7% error; includes crystallization
kinetics and anisotropy.

Requires extensive experimental
input; does not address creep or
fatigue.

[5] FRC CF Polymer Custom (in-house) Flow alignment, shear,
swelling.

Coupling flow with orientation
improves print accuracy and part
quality.

Nozzle flow simplified; high
computational demands.
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Table 1. Cont.

REF Analysis Material
Evaluated Software Parameters

Analyzed Results Limitations and Gaps

[6] FRC FRP – Viscosity, temperature,
fiber effects.

Summarizes key insights into melt
flow and fiber orientation in
composite FFF processes.

Most models are uncoupled;
validation data is sparse.

[7] FRC CF ABS Ansys Polyflow,
MATLAB

Orientation, stiffness,
nozzle effects.

Nozzle gap and path significantly
affect fiber alignment and part
stiffness.

Does not model fiber interaction;
assumes Newtonian flow
behavior.

[8] FRC CF ABS Ansys Polyflow,
MATLAB

Pressure, orientation,
void risk.

Low-pressure regions form around
fibers, potentially increasing void
formation.

Only models single fiber; lacks
full thermal coupling.

[37] FRC FRP Custom (SPH-DEM) Drag force, fiber
deformation, flow.

Models fiber alignment during
extrusion with good correlation.

Thermal effects excluded; limited
to 2D simulation; lacks
experimental validation.

[10] FRC CF Thermoplastics –
Fiber alignment,
interlayer bonding, voids,
anisotropy.

Highlights design freedom and
high strength potential of
continuous CF composites.

Challenges include fiber
placement accuracy, void control,
and limited toolchain/software
support.

[67] FRC CF ABS – Orientation, strength,
modulus.

Fiber alignment increases strength
by 115% over neat ABS.

Voids reduce toughness; print
path has critical influence.

[68] FRC CF Thermoplastics – Strength, stiffness,
alignment.

Fiber content enhances stiffness;
anisotropy linked to print path.

Long-term mechanical behavior
and standardization are lacking.

[69] FRC FRP Custom (SPH-DEM) Drag force, fiber
deformation, flow.

Predicts fiber orientation and flow
behavior with good correlation.

Excludes thermal effects; 2D
model only; limited experimental
validation.

[70] FRC CF PA66 Amira, CFD Fiber length, orientation,
strength, modulus.

Nozzle size influences fiber
breakage: fiber alignment improves
with build height.

Neglects fiber interactions and
complex geometries.
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Table 1. Cont.

REF Analysis Material
Evaluated Software Parameters

Analyzed Results Limitations and Gaps

[71] FRC Continuous CF + PLA Custom, FEA Orientation, voids,
stiffness.

Aligned paths reduce voids and
increase stiffness by 30%.

The method is computationally
intensive and demonstrated only
on simple shapes.

[72] FRC Continuous CF +
PEKK Custom, µCT, FEA Failure strength, fiber

deviation.

Strength-based paths improve
performance over stiffness-driven
approaches.

High computational complexity;
limited geometry scope.

[76] FRC Short CF + ABS Altair Multi-scale
Designer

Failure mode, stress,
angle.

Model accurately predicts
anisotropic failure behavior.

Requires calibration for each
material-print setup.
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The application of these tools reflects a focus on replicating the physical mechanisms
of material flow, interlayer bonding, and process-induced stress, often with extensions
to capture process-specific behavior through subroutines or custom modules. Within
this context, Ansys® and Abaqus® appear as the most prominently applied platforms
in the FEA-based simulation of PLA in FFF. The next subsection presents a comparative
evaluation of their roles, capabilities, and limitations, based on the selected literature.

6.2. Comparative Evaluation of Abaqus and Ansys

Abaqus® has been widely used to simulate the mechanical behavior of FFF-processed
PLA, particularly through implementations that support advanced thermo-mechanical
modeling. Favaloro et al. (2017) [83] explored recent functionalities in Abaqus®, based on
the sequentially coupled thermo-mechanical approach developed by Brenken (2017) [84],
incorporating UMAT subroutines to define material behavior. In a separate study, [57] per-
formed detailed mesoscopic and macroscopic simulations of the FFF process using Abaqus®.
Talagani et al. (2015) [85] modeled the additive manufacturing of a full-scale vehicle with
Abaqus® and GENOA, where GENOA automatically generated a structured mesh based
on G-code tool paths.

Abaqus® has proven effective in modeling the tensile, compressive, and flexural
testing of PLA specimens using Finite Element Analysis [82,86–92]. Across the reviewed
studies, the integration of subroutine codes—often based on G-code—has contributed to
robust mechanical representations of PLA parts [85,89]. Ansys® has also demonstrated
significant capability in simulating the FFF process. Zhang and Chou (2006) [93] developed
a model incorporating heat and mass transfer, mechanical loading, and phase change using
element activation within Ansys®, enabling the simulation of residual stresses and part
distortion. They assumed complete contact between deposited layers and the substrate,
simplifying the representation of bead interfaces. In a follow-up study, Zhang and Chou
(2008) [94] examined how variations in printing parameters influence distortion through
sequentially coupled thermo-mechanical simulations.

Expanding on this approach, Xu et al. [95] presented a non-isothermal viscoelastic
fluid dynamics model using Ansys Fluent® to analyze the effects of transient and constant
feeding forces, phase transitions, and the viscoelastic behavior of semi-crystalline polymers.
These simulations addressed flow behavior, heat transfer, and structural responses using
finite volume methods. In addition to thermo-mechanical analysis, Ansys® has supported
the modeling of PLA’s rheological properties [96–100] via the Fluent® module and me-
chanical characterization using its Solid module [96–99,101–103]. These studies explored
material behavior under various loading and processing conditions, including melt flow,
fracture growth, shear stress, and the optimization of extrusion parameters.

The comparative analysis of Abaqus® and Ansys® also involves practical criteria
such as potentiality, usability, scalability, and accessibility (Table 2). Ansys® offers spe-
cific modules for additive manufacturing, such as Additive Print and Additive Suite,
which streamline simulation setup for metallic and polymeric materials. Its integration
with Fluent® provides comprehensive support for CFD and thermo-mechanical problems.
Abaqus®, on the other hand, offers extensive flexibility through subroutines such as UMAT
and VUMAT, and is frequently chosen for tasks requiring customized material definitions
and process control. In terms of file compatibility, both platforms support a wide range of
import and export formats. Ansys® accepts formats such as .igs, .step, .stl, .txt, .csv, .inp,
.xml, .dat, and Fluent-specific formats (.cas, .dat). Abaqus® supports .sim, .prt, .mdl, .cdb,
.eaf, .cfx, .CATPart, .CATProduct, .igs, .nas, .bulk, .x_t, .stp, .step, and .wrl, among others.
Abaqus® also demonstrates better integration with SolidWorks and CATIA, which are
common in industry environments. Programming environments differ as well. Abaqus®
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primarily uses Python for scripting and automation and Fortran for user-defined subrou-
tines (e.g., UMAT, VUMAT, USDFLD). Ansys® relies on APDL for parametric modeling
and provides Python support through its Workbench environment and ACT extension.
Although APDL is powerful, users generally report greater accessibility with Abaqus®’s
Python-based scripting.

Table 2. Software comparison based on specific criteria.

Software/Criteria Potentiality Usability Scalability Accessibility

Abaqus High Very high High High
Ansys Very high High Very high High

Both platforms are scalable and well-suited to mechanical testing applications. Ansys®

is particularly strong in CFD applications due to Fluent®, which supports simulations
involving fluid flow, heat and mass transfer, and complex physical reactions with high
fidelity. Abaqus® offers similarly robust mechanical modeling tools, especially for studies
requiring precise subroutine integration. Access to both platforms is facilitated through
academic versions, although these are limited in computational capacity and customiza-
tion options. Licensing structures are comparable, with Ansys® often sold in modular
packages and Abaqus® in bundled configurations. Both companies provide broad doc-
umentation, international support, professional certification, and training programs for
various user levels.

7. Discussion and Future Trends
The evolution of numerical simulations in FFF has significantly advanced the un-

derstanding of material flow, thermal effects, and mechanical behavior, leading to better
process control and part optimization. However, challenges remain, particularly in accu-
rately predicting material behavior, improving real-time detection, and optimizing fiber
reinforcement strategies. While computational models and experimental studies have
enhanced our knowledge of extrusion stability, interlayer adhesion, and residual stress
formation, gaps persist in multi-scale modeling, process standardization, and large-scale
industrial implementation.

One of the primary limitations in melt flow modeling is the incomplete integration of
pseudoplastic and viscoelastic effects, polymer shrinkage, and multi-phase interactions in
numerical simulations. Current CFD studies have refined predictions of filament shape
evolution and deposition flow, but they often assume Newtonian or isothermal conditions,
failing to capture non-Newtonian shear-thinning behavior in thermoplastics [51]. Future re-
search should focus on advanced multi-phase CFD models that couple thermal, rheological,
and viscoelastic properties, enabling higher-fidelity extrusion simulations that align with
experimental results. Additionally, the impact of high-speed extrusion on melt behavior
remains underexplored, requiring models that incorporate shear stress-induced polymer
degradation and flow instabilities under rapid deposition conditions [29].

The cooling and solidification phase is another field requiring further study, partic-
ularly regarding heat transfer mechanisms, interlayer diffusion, and generated residual
stresses. While previous studies have confirmed that controlled chamber environments and
print bed heating reduce residual stress and warping [49], there is a lack of standardized
thermal models that account for material-dependent cooling rates and anisotropic heat con-
duction in fiber-reinforced composites. Future studies should integrate thermo-mechanical
models with in situ temperature monitoring to predict real-time stress evolution during the
printing process. Additionally, research should focus on adaptive cooling strategies, such
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as localized heat control near the extrusion zone, to prevent premature solidification and
adhesion defects [41].

The thermo-mechanical behavior of FFF-printed components is significantly affected
by deposition-induced residual stresses, temperature gradients, and the anisotropy arising
from the layer-by-layer manufacturing process. Although coupled CFD–FEA models have
improved predictions of deformation and internal stress distribution, many simulations
lack material-specific calibration, particularly for biocomposites and high-performance
polymers [53]. Future research should focus on multi-scale simulation frameworks that in-
tegrate real-time temperature tracking, stress relaxation mechanisms, and phase transitions
to improve stress accumulation modeling. Moreover, increased efforts toward developing
standardized validation protocols will be crucial to bridging the gap between simulations
and experimental reality, ensuring that numerical models provide reliable predictions for
industrial applications.

The characterization of material properties in FFF presents additional challenges due
to anisotropic behavior, microstructural defects, and complex fiber–polymer interactions.
While previous studies have validated the effect of building orientation, raster angle, and
layer thickness on mechanical strength, existing models often overestimate failure strength
by neglecting interfacial bonding imperfections [59,60]. Future studies should focus on
hybrid experimental–numerical approaches, where high-fidelity microstructural imaging
(X-ray µCT, SEM) is integrated with simulation-based failure predictions to refine fracture
and deformation models. Another critical research direction involves fiber-reinforced
composites, where current models fail to fully capture fiber breakage, alignment errors,
and void formation [67,68]. More advanced multi-scale fiber orientation models should
be developed to predict fiber motion during deposition, ensuring optimized mechanical
properties and structural integrity.

For fiber-reinforced composites, while CFRCs have demonstrated exceptional me-
chanical performance, they introduce manufacturing challenges related to fiber placement,
matrix bonding, and deposition precision. Current topology optimization frameworks
have improved load distribution and material efficiency, but they remain limited by fiber
misalignment during printing [71,72]. Future research should develop automated path-
planning algorithms that adaptively adjust fiber orientation based on in situ stress distribu-
tion data. Additionally, real-time reinforcement monitoring using AI-driven vision systems
could improve defect detection in large-scale composite printing [12]. Lastly, large-scale
applications in aerospace and automotive manufacturing require further investigation into
void formation, pressure fluctuations, and thermal expansion effects in Large Area Additive
Manufacturing (LAAM). While models have been developed to predict fiber-induced pres-
sure variations and flow disturbances, they require more accurate fiber-matrix interaction
models [8]. Future work should integrate non-Newtonian flow effects and high-resolution
fiber–resin interface simulations to improve prediction accuracy for industrial applications.

8. Conclusions
FFF has become a widely used additive manufacturing technology, but challenges

remain in simulation accuracy, material performance, validation, and process optimiza-
tion. Advances in CFD and FEA models have improved predictions of melt flow, cooling
behavior, and stress accumulation, while fiber-reinforced composites enhance mechanical
properties but require further refinement in extrusion, bonding control, and fiber–matrix
interactions. The lack of standardized experimental validation limits the accuracy of numer-
ical models, reinforcing the need for universal testing protocols to ensure reproducibility
and alignment between simulated and real-world performance. The choice of simulation
software also plays a critical role in this context: Abaqus® offers advantages in mechanical
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characterization and model customization via G-code or user subroutines, while Ansys®

is better suited for multiphysics and rheological simulations, particularly when model
integration and fluid–structure interactions are required. Future research should focus on
hybrid simulation frameworks that combine physics-based models with real-time sensor
feedback, the use of machine learning for defect detection and adaptive control, and the
development of robust validation benchmarks to support model generalization across
materials and process conditions.
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Abbreviations

ABS Acrylonitrile Butadiene Styrene
AFM Atomic Force Microscopy
AI Artificial Intelligence
AM Additive Manufacturing
ANN Artificial Neural Network
BAAM Big Area Additive Manufacturing
CFF Continuous Fiber Filament
CFD Computational Fluid Dynamics
CF Carbon Fiber
CFRC Continuous Fiber-Reinforced Composite
CM Computational Model
CMM Coordinate Measuring Machine
CS Cooling and Solidification
DEM Discrete Element Method
DMA Dynamic Mechanical Analysis
DSC Differential Scanning Calorimetry
DOE Design of Experiments
FEA Finite Element Analysis
FDC Fused Deposition of Ceramics
FFF Fused Filament Fabrication
FRP Fiber-Reinforced Polymer
FRC Fiber-Reinforced Composites
IoT Internet of Things
IR camera Infrared Camera
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LAAM Large Area Additive Manufacturing
LSAM Large-Scale Additive Manufacturing
ML Machine Learning
MPC Material Property Characterization
MEX Material Extrusion
MF Melt Flow
PA Polyamide
PC Polycarbonate
PEKK Polyetherketoneketone
PETG Polyethylene Terephthalate Glycol
PLA Polylactic Acid
PP Polypropylene
PPS Polyphenylene Sulfide
ResNet Residual Neural Network
RVE Representative Volume Element
RW Review
SEM Scanning Electron Microscopy
SFRC Short Fiber-Reinforced Composite
SPH Smoothed Particle Hydrodynamics
TMB Thermal–Mechanical Behavior
µCT Micro-Computed Tomography
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