
A comprehensive review of fiber-reinforced topology optimization for advanced
polymer composites produced by automated manufacturing

Szederkényi B., Kovács N. K., Czigány T.

Accepted for publication in Advanced Industrial and Engineering Polymer Research
Published in 2024

DOI: 10.1016/j.aiepr.2024.05.002

Powered by TCPDF (www.tcpdf.org)

dx.doi.org/10.1016/j.aiepr.2024.05.002
http://www.tcpdf.org


Review Article

A comprehensive review of fiber-reinforced topology optimization for
advanced polymer composites produced by automated manufacturing

Bence Szederkenyi a, Norbert Krisztian Kovacs a, b, Tibor Czigany a, c, *

a Department of Polymer Engineering, Faculty of Mechanical Engineering, Budapest University of Technology and Economics, Muegyetem rkp. 3, H-1111

Budapest, Hungary
b MTA-BME Lendület Lightweight Polymer Composites Research Group, Muegyetem rkp. 3, H-1111 Budapest, Hungary
c HUN-REN-BME Research Group for Composite Science and Technology, Muegyetem rkp. 3, H-1111 Budapest, Hungary

a r t i c l e i n f o

Article history:

Received 6 April 2024
Received in revised form
13 May 2024
Accepted 23 May 2024

Keywords:

Topology optimization
Reinforcement optimization
Concurrent optimization
Automated manufacturing
Finite element analysis
Artificial intelligence

a b s t r a c t

This review paper focuses on Fiber-Reinforced Topology Optimization (FRTO) methods for automated
manufacturing techniques, addressing topology and morphology optimization. Accordingly, the review
introduces the main TO techniques and the common reinforcement path design strategies using con-
current and sequential optimization approaches. Furthermore, this paper examines the potential
transformation of the conventional role of TO algorithms in structural optimization by integrating
Artificial Intelligence (AI) into the optimization process [1]. We collected and categorized the most
relevant papers from the past decade in the field of FRTO; comparisons were made based on appropriate
metrics, including algorithm types, effectiveness, and validation environment. We emphasize practical
considerations such as manufacturing constraints and algorithmic efficiency, addressing real-world us-
ability aspects [2]. The analysis underscores the necessity for universally applicable benchmark methods
and standardization to facilitate direct comparisons among various methodologies [3]. The main con-
clusions of the paper highlight the emerging trends in research, the potential of fiber-reinforced polymer
composites designed by FRTO, the challenges facing the field, and the efficiency improvements and
synergy with AI, indicating an evolving role for TO in structural optimization.
© 2024 Kingfa Scientific and Technological Co. Ltd. Publishing services by Elsevier B.V. on behalf of KeAi

Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In recent decades, minimizing material consumption and en-
ergy usage while at the same time meeting increasing volume
demands has come to the forefront. Parts produced using tradi-
tional manufacturing methods and designed manually tend to be
oversized, often due to the structural checks conducted after the
design phase and the limitations of subtractive manufacturing
processes. Since its invention in the mid-20th century, additive
manufacturing (AM) has evolved a great deal, and now it is a widely
used technology, which makes it possible to manufacture complex
geometries. Simultaneously, topology optimization (TO) emerged as
a distinct field, revolutionizing design methods and enhancing the

utilization of structural materials. As industries strive to reduce
material consumption and increase energy efficiency, the inter-
section of AM and TO offers a promising avenue for optimizing
structural designs and refiningmanufacturing processes. Moreover,
the exploration of automated manufacturing techniques reflects a
broader trend toward integrating advanced technologies into
design practices. Thus, the topics and methods chosen in this re-
view study arise from their relevance in addressing contemporary
challenges and advancing methodologies within composite
manufacturing. Through our review, we focus on the evolving
landscape of composite manufacturing, where innovation and ef-
ficiency converge to shape the future of structural design.

Automatedmanufacturing techniques in the composite industry
involve processes where machinery and robotic systems autono-
mously perform manufacturing tasks or operate with minimal
human intervention. These methods commonly include automated

fiber placement (AFP), automated tape placement (ATP), and other
automated processes for depositing composite materials in desired
configurations. Hence, these methods fall in a subcategory of AM
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techniques. The complexity of automated manufacturing varies
widely. Usually, 3D printers can only reinforce layers in-plane. In
contrast, the more advanced AFP and ATP techniques employ
multi-axis devices to lay fibers on complex shapes in curvilinear
paths, extending beyond planar surfaces.

While AM methods have been present for years, they have only
been widely adopted for structural components more recently,
driven by advancements such as powder bed fusion (PBF) for metals
and innovative techniques for polymers like continuous

fiberereinforced 3D printing (MEX CFRP) and other automated
methods such as AFP and ATP. These advancements increased the
importance of AM processes in producing structural elements and
accelerated the development of technology, design methods, and
materials [4].

However, transferring knowledge and design principles from
conventionally manufactured (CM) composites to fiber-reinforced
AM composites presents a significant challenge. The unique prop-
erties of composites, relying on strategically placed reinforcing fi-
bers, require intricate structural design and analysis. The
manufacturing of CM composites is based on ply-stacking methods,
limiting fiber orientations within the lamina. In contrast, AM
techniques allow continuously variable fiber laying paths, giving
designers significant design freedom. To exploit the potential of this
design freedom, algorithmic design methods are at the designers'
disposal, allowing both optimal topology and reinforcement fiber
placement.

Traditionally, part design involves separate iterative steps of
strength calculations, usually involving finite element analysis (FEA).
Algorithmic design methods such as TO integrate these steps. The
technique introduced by Bendsøe and Kikuchi [5] revolutionized
optimal topology formulation based on iterative structural analysis.
This approach has evolved to encompass non-isotropic, multiphase
optimization methods for various materials and lattice structures,
marking a significant development in TO and overall structural
design [6].

In the literature, TO methods and manufacturing technology are
frequently treated as separate topics: Cheng et al. [7] presented the
opportunities and main characteristics of continuous
fiberereinforced AM composites, but the creation of cellular mi-
crostructuresmarked the boundary of their work. Similarly, Rimkus
et al. [8] focused on comparing the performance achievable with
fiber-reinforced AM composites to that of CM composites, discus-
sing the material and manufacturing aspects. Parmar et al. [9]
concentrated on automated large-scale composite manufacturing
methods and their limitations. However, they did not address the
structural advancements introduced by AM that TO could exploit.

Articles addressing multiscale optimization typically focus on
isotropic materials and the related manufacturing technologies:
Zhu et al. [10] summarized the state of the art isotropic TO, also
addressing microstructure optimization and 3D printing related
global orientation issues, albeit excluding fiber reinforcement as a
local, microstructural orientation problem. Wu et al. [11] similarly
focused on isotropic issues in their analysis, elaborating extensively
on the methodology of microstructure optimization but neglecting
the topic of material anisotropy.

The primary deficiency of publications addressing manufacturing
technology and TO methods together typically lies in insufficiently
comprehensive analysis. Wong. et al. [12], Tian et al. [13], Liu et al.
[14], Hu [15], Schmidt et al. [16], and Yu et al. [4] all provided an
excellent analysis of FRTO papers. However, these studies needed
comprehensive comparisons of the algorithms behind the optimi-
zations and other important metrics, such as efficiency or manu-
facturability considerations.

To address this issue, this article provides a comprehensive over-
view of optimization methods relevant to automated manufacturing
techniques in the advanced composite industry. Various categories of
TO methods are briefly introduced, with insights into primary
methods such as densityebased, homogenizationebased, level-set,
B-splineebased, free energyebased, and feature mappingebased
TO. Additionally, reinforcement optimization methods focusing on
morphology are discussed, such as oriented vector fieldebased
reinforcement path design, curve fitting methods, and integrated
reinforcement design methods. Concurrent and sequential TO and
reinforcement path design are further explored, along with practical
considerations, including manufacturing limitations, optimization
algorithmefficiency, andobjective comparisonmethodologies. Lastly,
the future trend of integrating AI intoTO is highlighted, and the paper
concludes with a summary of key findings and future directions for
research.

The primary value of this review article is an extensive and
comprehensive summary of recent years' papers on non-isotropic
TO and FRTO. The main objective of this review article is to
compile a comprehensive collection of essential literature,
assisting researchers in the field regarding the current state of
the art in TO methods, potentially usable in the advanced com-
posite industry, thus promote the shift of this novel field from
academic to industrial use. However, despite the authors' best
efforts, the limitation of the presented paper is the potential
exclusion of recently published papers or emerging methodolo-
gies due to the review's timeframe and the rapid evolution of AI,
leading to the possible introduction of new optimization
techniques.

List of abbreviations

AFP automated fiber placement
AI artificial intelligence
AM additive manufacturing
ATP automated tape placement
BESO bi-directional evolutionary structural optimization
CFAO continuous fiber angle optimization
CFRP continuous fiber-reinforced polymer
CM conventional manufacturing
DCMO discrete-continuous material orientation
DMO discrete material orientation
EQS equally-spaced
ESO evolutionary structural optimization
FEA finite element analysis

FMO free material optimization
FRTO fiber-reinforced topology optimization
FW filament winding
GA genetic algorithm
GPTO geometry projection topology optimization
LSM level-set method
MAT medial axis extraction
MBB MesserschmidteB€olkoweBlohm
MEX material extrusion
ML machine learning
MMV moving morphable void
NN neural network
NURBS non-uniform rational B-splines
PBF powder bed fusion
SIMP solid isotropic material with penalization
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2. Research methodology

This comprehensive review systematically investigates FRTO
methods tailored to advanced polymer composites manufactured
through automated techniques. We conducted a thorough search of
academic databases such as Scopus and Web of Science to identify
relevant studies published mainly over the past decade
(2014e2024). The keywords of the search included “topology
optimization,” “concurrent topology optimization,” “reinforcement
optimization,” “automated manufacturing,” “continuous fiber
reinforcement,” “path planning,” “neural network,” and “artificial
intelligence.” Papers were included based on their relevance to
FRTO methods specifically applied to advanced polymer compos-
ites in the context of automated manufacturing techniques. We
considered studies focusing on TO and reinforcement path design
strategies, concurrent and sequential optimization approaches, and
integration of AI. Relevant data from selected papers were sys-
tematically extracted and categorized. This includes details on TO
techniques, reinforcement path design strategies, algorithm types,
effectiveness metrics, validation environments, and practical con-
siderations such as manufacturing constraints and algorithmic ef-
ficiency. The data were analyzed to identify trends, patterns, and
emerging insights in FRTO methodologies for advanced polymer
composites in automated manufacturing settings. Special attention
was paid to emerging research directions, challenges facing the
field, and potential efficiency improvements through AI integra-
tion. We critically evaluated papers to assess their methodological
rigor, significance, and relevance to objectives of this review. Any
discrepancies or limitations in the existing literature were identi-
fied and discussed. We then synthesized the findings to provide a
comprehensive overview of FRTO methods, their applicability in
the automated manufacturing of advanced polymer composites,
and the evolving role of TO algorithms in structural optimization.
This systematic approach ensures the review's credibility, rigor, and
relevance, providing valuable insights for researchers, practi-
tioners, and stakeholders in the field of advanced composite ma-
terials and automated manufacturing processes.

3. Topology optimizationecompatible automated composite

manufacturing technologies

CM composites are reaching their limit as the demand for vol-
ume and performance continues to grow. However, automated fi-
ber laying methods began to develop at the beginning of the 21st
century to address these issues. With the emergence and wide-
spread use of universal robotic arms and AM methods, the possi-
bility of full automation was introduced, making the Industry 4.0
framework feasible in composite manufacturing as well. The rise of
advanced manufacturing technology has prompted the exploration
of novel design methods to enhance its overall efficiency
[17e19].Optimization methods and advanced strategies for
designing reinforcement paths have always been a popular
research area in the field of composites. However, the utilization of
inherently designable anisotropy in composites has recently
become significantly more effective with the above-mentioned
advancements in AM technologies [20]. To illustrate the structural
hierarchy in optimized parts, Fig. 1 shows how the strength-to-
weight ratio of a simply loaded part's changes across various
manufacturing technology and optimization levels. The red side of
the figure shows the optimization of the reinforcement structure,
while the blue side illustrates the influence of geometrical opti-
mization. Fig. 1(a) shows CM technologies, whereas Fig. 1(b) and (c)
present automated composite manufacturing methods. Fig. 1(e)
shows a part manufactured from a conventional isotropic material

produced by subtractive processes, and Fig. 1(d) displays a part that
has undergone geometric optimization but lacks reinforcement.

Considering only the topology of the structure, isotropic opti-
mization can be employed where metals in conjunction with PBF
technologies are usually a popular choice [21,22]. In contrast, al-
gorithms designed for non-isotropic optimization are paired with
MEX on a desktop scale or AFP/ATP at an industrial level. Filament

Winding (FW) is also awidely considered option. This is particularly
relevant for highly anisotropic polymer composites, where the
orientation of the reinforcing fibers must be considered during the
design process. These techniques allow the precise positioning of
fiber reinforcement, a prerequisite for implementing morphologi-
cally optimized reinforcement structures. In the aerospace in-
dustry, AFP, ATP, and FW are widely used, mainly to manufacture
wings, fuselage elements, pressure vessels, and turbine covers that
also serve structural functions [20,23,24].

Inspired by FW, AFP involves placing multiple pre-impregnated
tows to form a band of material on a mold surface. On the other
hand, ATP employs much wider unidirectional tapes for faster
layup rates. While ATP is preferred for manufacturing large com-
posite parts with relatively simple geometries, AFP is favored for
producing complex aerostructures due to its ability to lay material
on contoured surfaces. Collaborative robots have also emerged as a
promising solution for reducing production time and costs by
enabling rapid manufacturing of aircraft components through
multiaxial AFP/ATP robots [9].

Manufacturing methods can be primarily ranked based on their
productivity, complexity, and integrity, as well as the characteristic
fiber content of the composite structure they can produce. In this
classification, MEX systems occupy the lowest tier since the output
is directly influenced by the diameter of the filament passing
through the extruder. Additionally, MEX systems can only reinforce
in-plane, significantly impacting design freedom (Fig. 2(c)). Fiber
content is typically around 30%, mainly due to the two-step
impregnation process (Fig. 2(a)), and the porosity of the compo-
nents is relatively high compared to CM composites due to the lack
of a consolidation step (typically ~10%). In contrast, robotic systems
can follow curved, complex paths in all directions and, with ATP
technologies, significantly enhance their output volume compared
to systems working with prismatic filaments or tows. Another
advantage of robotic methods is their ability to locally compact the
deposited structure using a roller at the end of the nozzle (Fig. 2(b)).
Moreover, their fiber content can compete with that of CM com-
posites since the system directly lays the pre-impregnated tape/
tow in a single technological step. FW technologies encompass all
the advantages of robotic technologies, with the limitation that
they can only produce axisymmetric components, making them
irrelevant in terms of TO for this article.

4. Introduction of topology optimization

Topology optimization is a robust numerical procedure by
which the distribution of material can be optimized in a predefined
design space if the loads and the mechanical properties of the
material are known [26]. This method makes it possible to design
lighter and more efficient structures. The combination of TO and
AM has opened new possibilities in designing and manufacturing
complex structures. AM techniques, such as 3D printing, are well
suited for creating structures with optimized geometry, which
could not be produced economically with CM methods [27].

The origins of TO date back to the mid-20th century, when re-
searchers first applied mathematical methods to the geometric
optimization of bridges and other structures [6]. The practical
applicability of the technique was made possible by the advent of
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finite element analysis in the 1960s, and it gained new momentum
in the past decade with the spread of AM processes.

Bendsøe and Kikuchi in 1988 developed the micromechanical
homogenization method [5,6], which is followed by the
densityebased TO method called Solid Isotropic Material with

Penalization (SIMP) by Bendsøe [28] in 1989. The SIMP method
became the most popular and widely adapted algorithm for
emerging TO algorithms. Parallel to the density and
homogenizationebasedmethods, Osher and Sethian developed the

so-called Level-set method (LSM) [29] in 1988. Later, the first
Evolutionary Structural Optimization (ESO) algorithms appeared in
the 1990s, first published by Mattheck and Burkhardt in 1990
[26,30]. The first orthotropic optimization scheme was published
by Bendsøe and Sigmund in 1999, called Solid Orthotropic Method

with Penalization (SOMP) [31,32]. In the same year, Bidirectional
Evolutionary Structural Optimization (BESO) was introduced by Xie
and Yang [33], and the thermodynamic Free energy method was
also introduced by Bendsøe and Sigmund in 1999 [31]. Multi-

Fig. 1. Hierarchical graph of structural performance with the use of different design and manufacturing strategies showing changes in strength-to-weight ratio as a result of various
manufacturing technologies and optimization levels. The left side (red) shows reinforcement structure optimization, while the right side (blue) shows geometrical optimization.
(a)e(c) showcases different manufacturing methods, (e) displays a part made from conventional isotropic material via subtractive processes, and (d) shows a geometrically
optimized part without reinforcement.

Fig. 2. Schematic representation of CFRP MEX (a, c) and AFP/ATP (b, d) systems. Due to the usually employed co-extrusion mechanism in the CFRP MEX system (a) [9], the
achievable fiber content is lower compared to AFP/ATP systems working with prepreg tapes or tows (b) [9]. In the case of AFP/ATP systems, spatial freedom is higher thanks to the
increased number of degrees of freedom (DOFs) of the robotic arms employed (d) [9,13], while MEX systems can only place reinforcement in a planar configuration (c) [25].
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material and multiphase optimization methods appeared around
the turn of the millennium [34,35], followed by algorithms using
stochastic description [36] in the early 2010s, while Neural Net-

works (NN) and Genetic Algorithms (GA) prevailed in TO starting
from the late 2010s [37,38].

The formulation of the TO problem can take many forms
depending on the type of algorithm and the goal of the optimiza-
tion, ranging from maximizing structural stiffness to optimizing
specific eigenfrequencies [39], maximizing heat transfer capability
[40], or maximizing the buckling load of a given structure [41].
According to Sigmund [26], the general TO problem is finding the
spatial distribution of the material in a space where the objective
function F has a minimum, and for which the following volumetric
constraint is true: G0 � 0, i ¼ 1 … M. The material distribution is
characterized by the density variable r(x), which can take on values
of either 0 (indicating void) or 1 (representing solid material) over
the entire volume range U. The optimization problem can be
mathematically described with equation (1):

min

r

: F ¼ FðuðrÞ; rÞ ¼

ð

U
f ðuðrÞ; rÞdV

subject to : G0ðrÞ ¼

ð

U
rðxÞdV � V0 � 0

: GiðuðrÞ; rÞ � 0; j ¼ 1;…;M

: rðxÞ ¼ 0 or 1;cx2U

9
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>

>

>

>
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(1)

where the state-field u complies with the linear or nonlinear
equation of state and where one assumes that when the goal is
maximizing the structural stiffness or minimizing compliance, the
function can be calculated as the integral of the f (u (r), r) local
function, which is also equivalent to the strain energy density. The
extra parameter M indicated in the equation represents the limi-
tations of the design criteria appearing in real-life applications,
such as manufacturing constraints or load uncertainties [26].

So far, TO methods have played a prominent role in the rein-
forcement design of aircraft wings, medical implants, suspension,
and chassis parts. With the continued increase in available
computing power and sustainability increasingly included in the
design requirements, the popularity of TO is expected to continue
growing in the coming years [42e44].

5. Non-isotropic topology optimization

The formulation of the TO problem depends on the elastic
characteristics of the material or microstructure used, therefore it
can be an isotropic or non-isotropic method in a single material
case. Reviewing the history of TO methods, we can conclude that
isotropic TO methods appeared in the 1980s [28]. In comparison,

non-isotropic optimization became a popular research topic in the
1990s with the development of composite materials [45]. The
fundamental contrast between isotropic (Fig. 3(a, b)) and non-
isotropic TO methods (Fig. 3(c)) is that the latter can not only
optimally distribute the material within the design domain but also
adjust its orientation [6]. The choice of material for a design
fundamentally dictates the category of algorithms capable of pro-
ducing the optimal outcome. Metals typically exhibit isotropic
properties, while polymers, undergoing orientation during
manufacturing, tend to become anisotropic materials, resulting in
anisotropic end geometries. This phenomenon is also observed in
short fiber and continuous fiberereinforced polymer composites,
commonly utilized in additive technologies. These materials often
have superior mechanical properties in specific directions, there-
fore orientation needs to be considered during optimization
(Fig. 3(c)).

Non-isotropic topology optimization offers a distinct advantage
over isotropic algorithms by taking into account material orienta-
tion, particularly emphasizing the superior direction. This charac-
teristic makes non-isotropic optimization methods particularly
well-suited for maximizing the performance of fiber-reinforced
composites.

Optimizing orthotropic reinforcement structures involves thor-
oughly examining length scales and distinguishing between micro
and macro levels. Methods like homogenizationebased TO and
specific cases of multi-material optimization operate on a micro-
scale, refining material distribution locally (Fig. 4). These methods
provide a natural approach to achieving continuous paths in the
structure. Homogenizationebased topology optimization methods
yield structures resembling reinforcement (Fig. 4(c)). However,
they are unsuitable for optimizing reinforcement structures due to
their approach to interpreting density variables. Higher values in
the density variable correspond to thicker trusses rather than
denser reinforcing paths, posing challenges for manufacturing with
fibrous reinforcements of constant diameter. Consequently, addi-
tional postprocessing steps are necessary to ensure manufactur-
ability. The referenced literature contains further details about
micromechanical reinforcement optimization [47,48].

6. Fiber-reinforced topology optimization

Fiber-reinforced Topology Optimization (FRTO) combines topol-
ogy and morphology optimization within a single structure. Fig. 5
illustrates the initial cantilever problem (a) and a representative
result of FRTO (b), where both the distributed material and the
reinforcement contribute to maximizing structural stiffness.

Fig. 6 shows a flowchart summarizing important FRTOmethods.
The main steps are marked with numbers, and sub-processes are
labeledwith letters. The chart explains different ways to implement
each step. The process involves two primary optimization phases;
The first is topology optimization (1), and the second ismorphology
optimization (2). Each phase employs various algorithms and

Fig. 3. Isotropic (a), isotropic multi-material (b), and anisotropic fiber-reinforced (c) structures generated with the same loading conditions. The resulting structures are slightly
different in every case [46].
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methods. For topology, options include densityebased, homoge-
nizationebased, level-set functionebased, B-splineebased, and
Free energyebased methods. In the morphology phase, there are
two options. The first is a two-step method, where an additional
task involves curve fitting after determining discrete material
orientation. The second is an integrated method forming the rein-
forcement paths based on either the geometry itself or on
concentric level-set contours.

Determining reinforcement orientation can occur simulta-
neously (concurrent process) with optimizing topology (Fig. 6: Path
of the red arrow). Alternatively, it can be a separate step, a
sequential process (Fig. 6: Path of the black arrow). In the
sequential approach, part morphology is determined separately,
typically based on the inner stress states (see Section 7. for more
details). Filters are often applied between these main phases to

ensure smooth transitions and filter out numerical errors (see
Section 6.2.1 for more information). These methods will be pre-
sented in more detail in the upcoming sections.

6.1. Introduction of the primary topology optimization methods

TO algorithms are crucial in shaping resultant geometry and
other non-structural properties, including convergence and effi-
ciency. This section categorizes and briefly introduces TO algo-
rithms, offering insight into the opportunities and core concepts
behind methods developed in the (FR)TO literature.

6.1.1. Densityebased topology optimization

The first important method under consideration is a
densityebased TO method called the Solid Isotropic Material with

Penalization (SIMP) method. The principle of the SIMP method is
that during optimization, the original material properties are
replaced by a density variable, which can take a value from 0 to 1,
where 0 denotes a void, and 1 signifies solid material. During
optimization, the algorithm minimizes the amount of material
depending on performance criteria. For further information, see
Refs. [5,6].

Introducing orthotropic material properties to broaden the
applicability of the SIMP method gives rise to the Solid Orthotropic

Material with Penalization (SOMP). This technique incorporates the
optimization of local material orientation by rotating its elastic
tensor, rendering it especially valuable in optimizing fiber-

Fig. 4. Steps of Homogenizationebased TO: Formation of the reinforcement structure involves varying the micro-scale unit cell edge size of a1, a2, and cell orientation q (a), followed
by the projection of density variables (b), where the lengths of red and blue lines locally represent a1 and a2. Finally, the macrostructure of reinforcement is formed (c) [47].

Fig. 5. Initial step of FRTO where loads and boundary conditions are defined (a) and
the final optimized, fiber-reinforced structure (b). It is noticeable how the reinforce-
ment goes alongside the trusses of the cantilever beam [49].

Fig. 6. Topology Optimization of Fiber-Reinforced Composites Flowchart. Solid lines denote essential steps, while dashed lines signify optional steps. Black arrows indicate
sequential optimization steps, while red arrows show concurrent optimization steps.
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reinforced composites. Further details on this method can be found
in the referenced literature [31,32,50].

The Evolutionary Structural Optimization (ESO) method is note-
worthy among densityebased algorithms. It begins with a
randomly generated geometry, systematically eliminates the least
utilized elements via fitness functions, and iteratively enhances the
design until optimal outcomes are attained. Its counterpart, the
Bidirectional Evolutionary Structural Optimization (BESO) method,
differs in its ability to remove material from areas with low stress
and add material to those subjected to high stress. For further in-
formation, see Refs. [26,30,33].

6.1.2. Homogenizationebased topology optimization

Homogenizationebased methods break down the macrostruc-
ture into a fine, uniformly sized cellular structure. Local density
control is attained by adjusting the geometric scaling of the
microstructure, independently modifying the void size parameters
of the cell in Cartesian directions. This process generates ortho-
tropic material characteristics at the microstructural level. The
relative density and orientation of the unit cell dictate the mate-
rial's local behavior, which can be tailored at each spatial point
based on the objective function, ultimately resulting in the optimal
macrostructure. Homogenizationebased methods were the first to
address orientation problems beyond the optimal distribution of
material in a spatial domain, laying the foundation for the emer-
gence of non-isotropic optimization methods. For further infor-
mation, see Refs. [47,51,52].

6.1.3. Level-set topology optimization

One of themost significant TO algorithms is the Level-set method

(LSM), widely used in structural optimization problems, fluid me-
chanics, image processing, and materials science. This method
employs a level-set function to describe the optimized domain
topologically, where positive values of the level-sets correspond to
material regions and negative values to voids. At the same time,
zero levels represent the boundaries of the structure. The level-set
function represents the three-dimensional coordinates with scalar
functions, and the zero level-set evolves in accordance with the
Hamilton-Jacobi equation. The imaginary velocity-field depends on
the structure's shape and/or phase derivatives. The surface of the
geometry is captured implicitly; therefore, the local manipulation
of level-sets is one of the biggest challenges in the optimization
process. For further information, see Refs. [29,39].

6.1.4. B-splineebased topology optimization

Introducing the primary B-splineebased methods, we begin
withMoving Morphable Voids (MMV) optimization. This TO method
effectively utilizes B-spline curves to represent and manipulate the
geometry in the presence of intersecting voids, offering a practical
approach for TO, particularly in 2D cases. The method addresses
challenges associated with void intersections and provides a means
to describe the resulting geometry explicitly. During the process,
these morphable voids can unite but not nucleate. This poses some
limitations to the MMV method. Another important method to
mention is the NURBSebased algorithm, which uses Non-Uniform

Rational B-Splines (NURBS) to represent and manipulate geometric
shapes. NURBS provide a flexible and smooth parametric repre-
sentation, enabling precise control over the spatial distribution of
material within a design domain. This approach combines the
benefits of NURBSebased geometric modeling with the efficiency
of TO, offering a powerful tool for advanced engineering design.
Both B-splineebased TO methods use parametric design variables
such as control points and local weights to manipulate the geom-
etry explicitly. For further information, see Refs. [53,54].

6.1.5. Free energyebased topology optimization

Among the most essential TO methods is the thermodynamic
approach, employing the free energy method, which is worth
mentioning. This technique involves minimizing the potential en-
ergy of the structure throughout optimization, guided by chosen
objective functions. The system's free energy is a combination of
volumetric and surface energy. Volumetric energy represents the
potential energy of the bulk material, while surface energy repre-
sents the energy required to form new surfaces between different
material phases. The algorithm balances these two terms to satisfy
the objective function. For further information, see Refs. [31,46].

6.1.6. Feature mappingebased topology optimization

Feature mappingebased topology optimization involves using
mappings to transform design spaces into density fields, enabling
the projection of geometric primitive designs onto fixed analysis
grids. Unlike traditional densityebased TO methods, this approach
offers flexibility in mapping techniques. Feature mapping methods
are known for their adaptability and robustness, making them
valuable in optimizing structures. The Geometry Projection Topology

Optimization (GPTO) method stands out within this framework.
GPTO uses feature mapping techniques to construct optimized
structures using discrete elements of various geometric primitives.
By leveraging a differentiable mapping, GPTO transforms design
spaces into density fields, allowing for the projection of diverse
geometric primitive designs onto fixed analysis grids. GPTO's
versatility extends to accommodating the removal of elements,
handling overlapping cases, and supporting multiple length scales.
This makes it valuable for achieving manufacturability while
avoiding complexities associated with free-form shapes. Addi-
tionally, GPTO enables modifications, penalization, and inclusion of
predefined attributes tailored to different shapes, enhancing its
applicability across various design scenarios. For further informa-
tion, see Refs. [129,130].

6.2. Reinforcement optimization methods (morphology)

In reinforcement optimization, there are two principal meth-
odologies to follow. One is the class of integrated methods, while
the second is the class of (discrete) vector fieldebased methods.
Integrated methods naturally result in continuous reinforcement
paths, while orientation fieldebased methods necessitate addi-
tional refining steps. These involve converting vectors into
continuous paths using curve-fitting methods or filters to ensure
continuity across micro and macro levels. The significance of
continuous paths cannot be overstated, especially for manufactur-
ability considerations. Structures optimized by discrete orientation
methods, lacking continuous paths, may be challenging or impos-
sible to construct, reducing them to a theoretical realm rather than
practical useability.

6.2.1. Oriented vector fieldebased reinforcement path design

In non-isotropic optimization, the usual concern is the local
orientation of the elastic tensor of the homogenized material at
each point in space (Fig. 7(a)), determining the path for fiber laying
(Fig. 7(c)). Before curve fitting, the discrete vector field is typically
“cleaned” with the use of a suitable filter (Fig. 7(b)). This process
removes numerical errors and abrupt changes in direction from the
vector field, usually resulting in numerical singularities, preventing
the creation of problematic or unmanufacturable structures. The
filters essentially interpolate the selected element based on vectors
beyond the immediate vicinity of the given element, ensuring a
more continuous integration into the system [49].

In fiber orientation optimization, the primary input metrics
include the strain energy field, principal stress field, and load path
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directions. These metrics guide the determination of direction
vectors across the design domain through various methods and
considerations [56]. Important methods in this regard include
Continuous Fiber Angle Orientation (CFAO), Free Material Optimiza-

tion (FMO) and Discrete Material Optimization (DMO). CFAO em-
ploys techniques like the Method of Moving Asymptotes (MMA) to
optimize material orientation in each element considered a
continuous design variable [59]. However, the direct use of fiber
angles as design variables in CFAO often led to convergence issues
and sensitivity to initial guesses, resulting in multiple local minima
[57]. To mitigate the problem of numerous local minima, the FMO
method introduced design variables as elements of the material
stiffness tensor [58]. While theoretically optimal, FMO often pro-
duced physically unfeasible structures. Subsequently, the DMO
method was proposed to address local minima and angle identifi-
cation challenges in CFAO. The Discrete DMO method selects
discrete candidate angles from prescribed sets and calculates the
effective elastic tensor via a weighted summation, utilizing these
weights as design variables. This approach offers a more robust
optimization strategy, particularly advantageous for non-convex
objective functions related to density and orientation variables.
However, it is essential to note that DMO may not be optimal for
scenarios requiring a continuous fiber distribution. While DMO
methods generally exhibit improved convergence and straightfor-
wardness, a potential drawback exists as they might lead to
discontinuous fibers [59].

Liu et al. [60] introduced a SOMPebased TO method, where the
optimal reinforcement path is determined by projecting the spatial
wave function created from the stress field. Their approach involves
separating the compression and tension components of the prin-
cipal stresses, resulting in two reinforcement patterns placed
alternately in the layers of the final structure (Fig. 8). Yang et al. [61]

adopted a similar approach, further developing the SOMP method
and adjusting it to distinguish printable layers by the principal
stresses.

Li et al. [62] devised a BESOebased TOmethod suitable for more
than two materials. Their fundamental concept involves segre-
gatingmaterials that aremore resistant to tension and compression
and categorizing them into distinct product parts. Using their
approach, they achieved a remarkable 76.3% increase in stiffness
compared to single-material optimization. Applying the method to
general bridge geometry design, they demonstrated its effective-
ness in utilizing materials with distinct tension and compression
behaviors, particularly advantageous in suspension bridges
compared to traditional arched systems.

In addition to methods based on principal stresses, algorithms
that consider load paths and strain energy distributions are also
popular in structural analysis and design. These approaches capi-
talize on the characteristics of fibers used in composites, which are
typically shear-weak materials. Such materials exhibit high stiff-
ness and strength parallel to their fibers and crystal orientation,
making them particularly well-suited for efficient load transfer
along the same direction as the principal stress vectors [63,64].
Brown et al. [32] investigated the impact of shear modulus on the
stiffness of structures generated in short fiberereinforced TO with
materials exhibiting different orthotropy (such as carbon fiber and
silica-reinforced epoxy). They observed that varying modulus
values over a wide range did not significantly alter the resulting
geometry's stiffness, highlighting the structure's independence
from shear properties. A similar conclusionwas reached by Fedulov
et al. [65] in their research, where they noted that the generated
shape often aligns with the longitudinal axis of the optimal rein-
forcement path. This suggests that geometry and fiber reinforce-
ment can be aligned independently during optimization.

Fig. 7. Illustration depicting the sequential steps in determining the path of optimized reinforcement. This includes the initial problem setup and the formation of the orientation
vector field in response to specified conditions (a), the application of a filter to control the vector field (b), and the subsequent continuous curve fitting process (c) [49,55].

Fig. 8. Separating the principal stresses into compressive and tensile components. Compressive and tensile wave functions shaped according to the principal stresses (a), the
corresponding alternating reinforcement paths generated (b), and the resulting final reinforced structure [60].
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6.2.2. Curve fitting methods

Three main techniques, Equally Spaced (EQS), Offset, and
Streamline, are frequently employed to fit a continuous curve to an
orientation vector field. Eachmethod offers distinct advantages and
drawbacks in optimizing fiber paths within the solid domain. The
Offset method creates fiber paths parallel to the boundary of the
solid domain, allowing for efficient and robust optimization, albeit
with the drawback of potential acute corners. Conversely, the EQS
method generates continuous fiber paths at equally spaced dis-
tances along the boundary, providing smoother trajectories and
load distribution but with limitations on complex geometries.
Finally, the Streamline method produces smooth paths based on
the optimized fiber orientation vector field, although it is compu-
tationally more expensive and may require post-processing to
address discontinuities caused by intersecting voids [49]. Fig. 9 il-
lustrates these three methods. The Offset method is commonly
employed when it is challenging to define reinforcement paths
explicitly. This method can determine the reinforcement structure
on geometric bases, layer by layer, using the contour of the sub-
sequent cross-section. It follows the theory that the most efficient
reinforcement paths should align with the principal stress vectors
by definition. Commercially available slicing software like Eiger and
Aura often incorporates this reinforcing strategy. For further in-
formation, see Ref. [66].

Fernandes et al. [72] used SOMP and Level-set methods to
compare these methods, assessing the performance of the leading
fiber laying strategies (EQS, Offset method). They focused on
exploring the differences between the theoretical and practical
optimum, considering technological constraints during optimiza-
tion. The results indicated that the EQSmethod proved to be amore
efficient fiber-laying method without the constraints of the
manufacturing process. However, when manufacturing technology
limitations were considered, the Offset method resulted in a better-
performing structure.

6.2.3. Integrated reinforcement design methods

Integrated methods such as the Medial Axis Extraction (MAT)
reinforcement path design method [67] are built on recognizing
that fiber reinforcement aligned with the principal stress directions
provides the most efficient reinforcement structure. Therefore,
there is no need to establish a local orientation vector field. The
reinforcement structure is created based solely on the final geom-
etry, following the local centerlines of the structure. Fig. 10 shows a
schematic diagram of MAT.

Another geometryebased method introduced by Catapano et al.
[68] takes advantage of the fact that particular slicers can lay fibers
based on the geometrical contours of the subsequent layers.
Therefore, there is no need to define reinforcement a priori at all;
the structure's shape can control the reinforcement path imple-
mented in this step in the manufacturing process.

Vector-fieldebased and integrated methods mainly differ in
how they calculate the reinforcement paths in the structure. In
vector-fieldebased methods, the discrete orientation vector field is
created concurrently with the topology of the part. It needs to be

connected by filters to finally transform into continuous lines
representing the reinforcement paths. On the other hand,
geometryebased methods form the reinforcement structure in the
post-processing stage after the topology is settled. Therefore,
geometricebased curve fitting is more straightforward and less
computationally demanding than vector-fieldebased methods as
they handle orientation as an optimization variable. However,
vector-fieldebased methods offer more accurate results.

7. Concurrent and sequential topology optimization and

reinforcement path design

TO methods can be categorized based on their complexity,
determined by their ability to handle multiple variables simulta-
neously and whether these variables are optimized interdepen-
dently or independently. These variables in FRTO are the spatial
position and orientation of the material or reinforcement. The
orientation of the reinforcement can be defined in a process
together with TO, inwhich case, it is called a concurrent method, or
in a separate step when it is called a sequential method. In the
sequential case, the two variables are optimized independently,
while concurrent algorithms simultaneously consider the interac-
tion of the local orientation and optimal material distribution
(Fig. 11) [32].

Remacle et al. [69] developed a TO algorithm that can optimize
fiber direction and topology simultaneously and efficiently perform
fiber direction filtering required for manufacturing. They compared
the algorithm's simultaneous concurrent and sequential versions in
different typical optimization cases. They concluded that the
sequential algorithm is better for simple loads, while the concur-
rent method gives better results in more complex, multi-load en-
vironments. In a study, Brown et al. [32] conducted a comparison
between the SIMP (sequential) and SOMP (concurrent) methods
regarding computational demand and mechanical performance.
The concurrent method generated a structure with higher stiffness,
albeit with a marginal 2% difference. In comparison, the sequential
method exhibited a 19% reduction in computational cost during the
iteration process, further enhanced with a more efficient SIMP
code.

Tables 1 and 2 display the list of publications in which the
structure's topology and morphology (reinforcement) were
considered in the optimization process. The tables indicate both
optimization levels, and a separate column specifies the curve
fitting and reinforcement path planning strategy. The publications
have been divided into two tables based on whether they included
the final curve-fitting step. The most representative figure in each
case's has been included from the analyzed publication to aid visual
interpretation.

In the initial section of the table (highlighted in yellow), we
present the critical parameters of the algorithm. In the “TO algo-
rithm” column, we specify the type of topology optimization al-
gorithm (Section 6.1). The column “Fiber orientation algorithm”

indicates the method for determining local orientation vectors, and
the “Continuous path generation” column indicates the curve-

Fig. 9. Fiber reinforcement strategies optimized separately from the geometry in a cantilever TO problem. The Streamline method (a) uses streamlines tangent to the vector field,
the Offset method (b) employs lines parallel to the boundary, and EQS (c) creates continuous paths parallel to the structure's boundaries [66].
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fitting methodology (Section 6.2). In the “Algorithm architecture”
column, we specify whether it is a concurrent or sequential method
(Section 7). In the columns marked with blue, we highlight the
characteristics of the generated geometry shown. The “Geometry
dimensions” column clarifies whether the algorithm in the given
publication was tested on planar geometry (2D), extruded profile
(2.5D), or spatial (3D) geometry. In the “Benchmark environment”
column, we discuss the typical optimization problems onwhich the
algorithm was tested (1 ¼ MBB; 2 ¼ Cantilever beam; 3 ¼ L-shear;
4 ¼ Michell; 5 ¼ Kirsch). Further details about these benchmark
geometries are provided in Section 9.

In columns marked with green, we explore applicability pa-
rameters that were investigated, such as resource requirements
(“Optimized for efficiency” column) and manufacturing limitation
considerations (“Manufacturing constraints considered” column).

In addition, validation of the reported results through tests is
indicated in the “Validated with tests” column.

Tables 1 and 2 reveal insightful trends regarding various TO
methods and fiber orientation algorithms. The data suggests that
approximately 80% of the TO algorithms employed include variants
of the densityebased method, such as SIMP and SOMP. These
methods are favored for their effectiveness in determining discrete
direction vectors of reinforcement, mainly through principal stress-
fieldebased algorithms like SOMP. Additionally, the analysis high-
lights a balanced use of fiber orientation algorithms, with DMO,
CFAO, Strain energy, principal stress, SIMP, and SOMP being
commonly employed. Researchers often opt for commercially
available software for curve fitting, leading to a prevalence of more
straightforward methods (Offset) compared to Streamline and EQS.
Most notably, around 80% of the algorithms are concurrently

Fig. 10. The flowchart of the Medial Axis Extraction (MAT) reinforcement path design method. The medial axis is determined with the use of only the geometric boundaries of the
structure. The process starts with boundary fitting and medial axis extraction. Then, adaptive width selection for each segmented central axis is performed, followed by offset path
planning and the modification of design variables. These steps integrate the nozzle size control into the optimization process, leading to final optimization results after iterative
adjustments [67].

Fig. 11. Flowcharts of concurrent (a) and sequential (b) optimization methods. ri represents local material density, and qi is local material orientation. Those two variables are
optimized throughout the process [32].
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Table 1

Reviewed FRTO papers with continuous, manufacturable reinforcement paths [32,48,49,60,61,66,69e83].
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Table 2

Reviewed FRTO papers that are lacking the continuous reinforcement path conversion [2,55,65,84e102].
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implemented, showcasing the preference for comprehensive opti-
mization approaches.

Furthermore, the investigation reveals interesting insights into
the geometric complexity of the specimens considered. While
approximately half of the investigated cases focus on 2D planar
problems, there is a notable presence of extruded profiles (2.5D)
and actual 3D geometries, each accounting for around 25% of the
cases. Moreover, the most prevalent TO environments include the
MBB, Cantilever, and L-shear configurations, indicating widespread
adoption in the literature.

However, only a minority of the papers, approximately 20%,
consider efficiency concerns, suggesting a potential gap in
addressing optimization process efficiency. Similarly, around 40% of
the papers highlight manufacturing concerns, underscoring the
need for closer integration of manufacturing constraints into opti-
mization processes. Additionally, approximately 25% of the papers
are validated with tests, indicating that a significant portion of the
literature focuses on theoretical or simulationebased analyses
rather than experimental validation.

8. Practicality in topology optimization

TO methods can be classified according to their practical
applicability. Thus, it becomes imperative to consider real-world
constraints when formulating the TO problem. These constraints
usually restrict design freedom, but neglecting them can result in
unfeasible and unstable constructions, as seen in Refs. [103e107].
These considerations encompass manufacturing-related limita-
tions, load uncertainties [105], and algorithm efficiency [108]. The
computational demand of TO algorithms is also a significant issue,
as these methods involve complex iterative processes that require
substantial computing resources, especially with larger structures.
Optimizing for multiple loads simultaneously for enhanced
robustness introduces added complexity, reflecting real-world
challenges where uncertainties and diverse loading conditions
are expected.

8.1. Manufacturing limitations in reinforcement path design

Manufacturing limitations can manifest in various ways,
particularly in fiber-laying processes. Typical limitations include
the closest proximity at which the reinforcement structure can be
placed, the minimum bending radius of the fiber bundle, the need
for support material, the minimum cutting length of fibers, and the
total number of reinforcement cuts required during manufacturing
(Fig. 12). Wang et al. [66] devised a method for generating

uninterrupted paths characteristic of automated fiber placing pro-
cesses. The focus was on laying continuous fibers aligned with load
lines, compared with results from commercially available slicer
software using MBB and cantilever-beam reference geometries.
They also compared their method with other fiber-laying strategies
from the literature. Their method facilitated the creation of inter-
secting paths, enhancing optimization efficiency through layer
interaction, and they assessed accuracy in matching the resulting
reinforcement structure path with principal stress vector field di-
rections. Results indicated that their method demonstrated the best
match across all examined problems and loading environments.

Jantos et al. [2] combined the SIMP method with the Hamilton
method, using principles of thermodynamics to determinematerial
orientation. They introduced an algorithm that maximizes local
angular change to assist in fiber laying while optimizing
manufacturing-related constraints like the minimum bending
radius of reinforcing fibers. Comparing the performance with un-
reinforced (SIMP) structures using an isotropic model, they
observed that their method did not significantly change computa-
tional costs. However, it produced mechanically weaker results due
to limited reinforcement path radii. The study incorporated real-life
relevant parameters, such as manufacturability and resource re-
quirements, into the optimization.

Wang et al. [106] developed a SIMPebased optimization process
capable of generating a structure without support material,
considering the critical printing radius. The novelty lies in the al-
gorithm's concurrent nature, allowing for optimal structure design
considering manufacturing conditions. Numerical tests on various
2D and 3D reference geometries revealed a 10e20% reduction in
stiffness compared to structures not optimized for manufacturing.

In summary, as the focus shifts from theoretical to feasible, real-
world optimization, the role of production criteria becomes more
significant.

8.2. Efficiency of the optimization algorithms

The computational efficiency of TO methods, particularly their
resource requirements, is a crucial non-mechanical aspect. The
effectiveness of a TO method is significantly hindered if it lacks
computational efficiency. Since these methods involve a complete
FEA in each optimization iteration, efficiency becomes a crucial
parameter in algorithm development. Ferrari et al. [108] addressed
this issue by devising an eigenfrequency optimization method
capable of replacing computationally intensive spectral analysis.
Their process involves conducting frequency responseebased cal-
culations at lower resolution levels, which are then projected back
to higher resolution levels for structure optimization. 2D and 3D
layout testing demonstrated an impressive 90% and 95% reduction
in resource requirements, respectively.

Xia et al. [109] enhanced the slicing algorithm for MEX tech-
nology, specifically focusing on the layer creation path and aligning
it with the principal stress field in the component. Their approach
aimed to capitalize on orientation during printing and the resultant
anisotropy, opting for intentionally directed space filling instead of
a rasterebased strategy. They partitioned each layer into regular
hexagons and devised a path that efficiently filled the space using
the Dijkstra algorithm. Comparative analysis of hole-weakened
tensile specimens demonstrated that their method achieved a
substantial strength increase ranging between 37.2% and 98.1%,
with minimal impact on printing times.

Jantos et al. [46] refined the thermodynamic modelebased TO
method, enhancing its computational efficiency. The researchers
introduced an adaptive mesh algorithm into the model, acceler-
ating geometry formulation and yielding mesh-independent

Fig. 12. Integrating limitations of the printing process into optimization involves ac-
tions such as eliminating fibers shorter than the minimum cutting length (a) and
transforming closed loops into continuous paths that meet manufacturing re-
quirements (b) (based on Ref. [72]).
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results. The algorithm operates without the need for post-
processing and allows for flexible adjustment of optimization
complexity. Comparative analysis with methods utilizing the con-
volutional operator and Helmholz partial differential equation
involved varying mesh resolutions, filter radii, and minimum
element sizes. Results indicated that the resource requirements of
the proposed method are proportional to the number of elements,
the square of element size, and the square of filter radius. Notably,
while competing methods show a faster increase in resource re-
quirements based on these variables, the presented method dem-
onstrates a significantly slower growth rate. This positions it as a
more suitable approach for addressing complex problems.

Yang et al. [110] expedited the multiphase TO process using an
adaptive finite element mesh and the Isogeometric Analysis
approach. Their method incorporates three essential procedures.
Firstly, they utilize quadratic elements in optimization, claiming
improved handling of the continuous shape function of geometry
with significantly reduced numerical errors. Secondly, they
implement an adaptive resolution finite element mesh, strategi-
cally allocating higher resolution near phase boundaries and
intensively loaded areas. Despite fewer elements, their method
produces comparable results to high-resolution homogeneous
processes. The third approach involves reducing multi-phase
optimization to a two-phase problem, systematically comparing
only two materials at each optimization level. Testing on various
classical TO benchmarks (MBB, L-shear, and cantilever beam)
demonstrated resource savings ranging from 38 to 54%, compared
to traditional Multiresolution Topology Optimization, where mesh
refinement occurs at phase boundaries and within the phases.

Despite the listed advancements, balancing thorough design
exploration with computational efficiency remains an ongoing
challenge. The algorithm must navigate the extensive design space
effectively while ensuring convergence to an optimal solution.
Dealing with sensitivity to initial conditions and avoiding local
minima entrapment further underscores the need for robust and
reliable TO algorithms.

8.3. Errors in topology optimization

In topology optimization, various errors can arise, including
discretization, modeling, and convergence errors. Discretization
errors occur due to the finite element mesh used to represent the
design domain, leading to inaccuracies in the optimization results.
Modeling errors stem from simplifications or assumptions made in
the mathematical models used, which may not fully capture the
real-world behavior of the structures. Convergence errors occur
when the optimization algorithm fails to converge to an optimal
solution within a reasonable number of iterations.

To mitigate these errors, several strategies can be employed.
Increasing mesh density can reduce discretization errors, although
it comes with increased computational cost [111]. Employing
adaptive mesh refinement techniques can help focus computa-
tional resources where they are most needed [53,110], reducing
errors while maintaining efficiency. Addressing modeling errors
involves validating and refining themathematical models to ensure
they accurately represent the physical behavior of optimized
structures. This may involve experimental validation [61,70] or the
use of more advanced material models [112].

Convergence errors can be mitigated by selecting appropriate
optimization algorithms and parameters and performing sensi-
tivity analyses to ensure the stability and robustness of the opti-
mization process [113,114].

To ensure accurate and reliable optimization results, mitigating
topology optimization errors requires careful model development,
numerical techniques, and algorithmic strategies.

9. Objective comparison of optimization results

For a proper analysis papers in TO research and a comparison of
the provided results, it is necessary first to discuss the fundamental
benchmark TO environments. While there is no standardized
approach for comparing algorithms, there is a tendency in the
literature to associate the evaluation of these methods with a few
characteristic mechanical problems. These environments with
prescribed boundary conditions make these algorithms compara-
ble, assuming identical manufacturing parameters. However, a
significant challenge is the need for manufacturing standards,
making comparing results from different research groups difficult,
even when tested on similar mechanical problems. Table 3 orga-
nizes these benchmark problems based on typical loads, mechan-
ical boundary conditions, and representative result geometry.

In TO research, while numerical results are widely used for
comparison, real-world application discrepancies often emerge due
to model inaccuracies and overlooked manufacturing consider-
ations. We emphasize that a series of steps is essential to compare
TO algorithms effectively. These include establishing a coherent
mathematical model, ensuring consistent utilization of hyper-
parameters, conducting stability analysis, defining convergence
criteria, and more. The numerical results alone cannot adequately
represent physical tests, yet they are insufficient for guiding opti-
mization algorithm comparisons. We suggest that once a TO algo-
rithm is validated through numerical parameters, its utility can be
further demonstrated by incorporating manufacturing constraints.
This step assesses the realizability of the optimized structure in
practical applications, representing a distinct aspect of the valida-
tion process. Incorporating physical tests in TO research is crucial
for enhancing validation and ensuring alignment with real-world
conditions. Hence, future research efforts should prioritize
increased validation through physical experimentation to bolster
the reliability and applicability of TO methodologies.

Despite the absence of a universal standard in the structures
made by TO, Ole Sigmund's guidelines [3] provide a valuable
framework for conducting TO research. His insights can assist re-
searchers in navigating the complexities of algorithm comparison
and the interpretation of results, contributing to the advancement
of the field.

10. Artificial intelligence in topology optimization

In computer science, AI development has emerged as a promi-
nent field, aiming to achieve intelligent behavior through methods
that recognize and synthesize samples from extensive databases.
While the concept of AI has been present for decades, a surge in
related research projects occurred mainly in the 2010s.

Among AIebased processes in TO, NNs, GAs, and Generative

Design (GD) methods have gained prominence as they can offer
multiple enhancements across various stages of the optimization
pipeline. At present, AI-driven pre-processing techniques facilitate
data-driven exploration of design spaces, enabling engineers to
navigate vast parameter landscapes efficiently [116,117]. Subse-
quently, during optimization iterations, NNs serve as surrogate
models, accelerating convergence by predicting optimal solutions
and guiding search strategies. NNs can also learn intricate re-
lationships between inputs and outputs, creating Pareto-optimal
solutions and enabling optimizations with multiple goals [118].
Concurrently, GANs facilitate the generation of diverse design
candidates, fostering creativity and exploration within specified
constraints. Similarly, GD methods can drastically reduce compu-
tational costs by generating thousands of designs in seconds,
facilitating the exploration of a more extensive design space
[1,119,120]. Moreover, post-processing stages benefit from AI-
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enabled analysis tools, which extract actionable insights and iter-
atively refine designs based on performance metrics [37,38].

A significant practical distinction between AIebased and
deterministic algorithms lies in their continuously improving
capability, therefore TO methods employing various forms of AI
could offer advantages over traditional optimization techniques.
However, it is essential to acknowledge the drawbacks associated
with integrating AI into optimization processes. High resource re-
quirements and extended training times pose significant chal-
lenges, demanding substantial computational power and datasets
of considerable size and quality, acquiring notable expenses.
Despite these challenges, once a model is trained, the cost of
generating new designs is drastically reduced, allowing for efficient
and rapid exploration of design possibilities. These characteristics
underscore the potential of AI to revolutionize the optimization
landscape, making it more accessible and streamlined for designers
and researchers alike.

10.1. Neural networkebased reinforcement path design methods

Based on the literature, NNs play a role in TO across two primary
categories: accelerating TO through NN and directly employing NN
for topology computations. In the former category, researchers
have explored methods to train NNs for the real-time prediction of
gradients, accelerating TO processes [121]. Convolutional NNs,
acquainted with extensive databases of optimized topologies and

associated loads, have enhanced the efficiency of predicting to-
pologies for new loading scenarios [122]. Similar strategies have
been presented in various studies [37,123]. Another approach in-
volves using generative adversarial networks to train generators to
predict topologies under diverse loading scenarios [38,124]. NNs
have also been employed to recognize and replace evolving fea-
tures, streamlining TO iterations [125]. Autoencoders trained with
data relevant to homogenized microstructures have found appli-
cation in TO frameworks, removing the necessity for homogeni-
zation during the optimization process [126,127]. Alternatively,
NNs can be directly employed to represent topology as an implicit
function of spatial coordinates, taking advantage of their capability
to handle intricate signal representation. The NNebased TO
framework introduced by Chandrasekhar et al. [83] decouples
design representation from FEA through NNs, allowing detailed
geometric queries while maintaining computational efficiency. NN
activation functions and weights manage design variables inde-
pendently, including matrix density and fiber morphology, offering
flexibility. At the same time, the algorithm concurrently optimizes
matrix topology and fiber morphology, adhering to volume con-
straints (Fig. 13). This innovative approach enhances computational
efficiency and ensures functionally graded structure optimization
accuracy.

Patel et al. [1] developed a multiscale TO procedure utilizing AI
based on NNs to design microstructures in geometry. The method
involves breaking down the initial macro-level geometry created

Table 3

Validation environments for TO methods. The Messerschmidt B€olkoweBlohm (MMB) structure (a) extends the concept of 3-point bending, where the increased distance
between the lower and upper sides generates internal loads that excellently reveal the characteristics of the optimization algorithm. This makes it one of the most popular
reference geometries among TO researchers [115,132]. The cantilever beam (b) can be described as a spatially extended hanger with a shear-dominant load case. It is the second
most popular reference geometry in the processed literature [49]. The L-shear structure (c) is an L-shaped geometry with its top clamped and vertically loaded at the end of its
horizontal section. This geometry is also a prevalent structure for comparison, as it can be used to examine shear, tensile, and bending stresses simultaneously [49]. The
Michell-truss is a compression-dominated structure (d), which less frequently appears in the literature than the first three types, but it is also a regularly recurring geometry
[55]. The Kirsch geometry (e) is usually a hole-weakened geometry in tension [76]. This type of geometry can be used to test the stress-homogenizing performance of fiber
reinforcement. Other types of TO validating environments, such as two-position, bi-stable compliant structures, are used for testing deformation or work caused by a given
force [89]. Since this is a dynamic problem not covered in this article, it was not included in the table.

Designation Dominant load-case Boundary condition arrangement Representative optimization result

(a) Messerschmidt B€olkoweBlohm (MBB) Bending

(b) Cantilever-beam Shear þ bending

(c) L-shear Shear þ bending

(d) Compression-Michell Compression

(e) Kirsch Tension
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with the SIMP method into smaller units, determining the me-
chanical load system for each elementary unit from nodal dis-
placements within the structure. The optimal macrostructure can
then be selected from a pre-generated database with the desired
volume ratio for the given location, enabling microstructure gen-
eration faster by an order of magnitude.

11. Future trends

Based on the literature, we can conclude that FRTOmethods can
be categorized into three main groups. The first group is the most
computationally demanding, where non-isotropic TO methods
determine topology and fiber orientation. These concurrent
methods will likely find the global optimum, achieving the highest
structural performance. Most of the processed literature consisted
of these complex methods, showing a trend toward such compre-
hensive approaches where there is an observable tendency that
with the maturation of TO methods, researchers are increasingly
focusing on complex, mathematically challenging problems. These
include non-linear methods, optimization for dynamic loads, and
multiscale or simultaneous multi-material and microstructure
processes. However, as issues become more complex, computa-
tional costs rise significantly, posing a severe challenge to the
widespread adoption of TO design methods. High resource re-
quirements and extended running times have increased interest in
more efficient optimization approaches.

Efficiency improvement is pursued in the other two main di-
rections in the literature, defining the remaining two classes of
FRTO. The first involves integrated fiber placement methods, which
avoid the resource-intensive local orientation arrangement during
optimization. These sequential methods follow the shape of the
geometry pre-determined by isotropic TO methods, arranging
reinforcing fibers longitudinally to the emerging trusses in the
structure or designing fiber reinforcement based on similar con-
siderations. While these methods undoubtedly result in some
performance loss in terms of the global optimum, the balanced
consideration of their structural performance and computational
efficiency could often be a suitable compromise in industrial
situations.

The second, technologically more advanced groups of optimi-
zation involve the integration of AI into TO algorithms, where the
role of TO is poised to shift. This is because an AIebased system pre-
trained on sufficient TO samples is anticipated to streamline the
design process by providing iteration-free results.

It is important to note that while AI brings benefits, TO methods
remain essential for achieving precise solutions and detailed

tunability. Unlike TO methods, AI models operate as 'grey boxes,'
making the cause-and-effect relationship less transparent. Since TO
procedures are intricate and well-defined, they are valuable tools,
especially when precision and detailed control over the design
process is crucial. As the industry navigates this evolution, the
synergy between TO algorithms and AIebased systems holds
promise for a more efficient and adaptable approach to composite
structure design.

In conclusion, addressing prevailing challenges to boost FRTO
utilization is crucial as the field progresses. This involves reshaping
designers' mindsets and deepening their understanding of the
introduced processes to seamlessly integrate AM technologies with
the potential of TO. Thus, future research should enhance the
robustness, user-friendliness, and accessibility of the methodology
to facilitate the widespread FRTO adoption. AI can automate this
intricate process, simplifying its complexity. Exploring innovative
approaches and techniques that enhance the adaptability of FRTO
methodologies to various manufacturing constraints offers a
promising avenue for future exploration, ensuring alignment with
evolving real-world manufacturing scenarios.

12. Conclusion

In this paper reviewing the state of the art, we analyzed and
summarized various Fiber-reinforced Topology Optimization (FRTO)
methods in the literature supplemented by related manufacturing
technologies, where automated robotic arms, fiber and tape
placement, and high-performance polymer composites play a
crucial role. We discussed the possibilities of topology and
morphology optimization, examining their sequence and high-
lighting the advantages and disadvantages of each methodology.
We addressed the integration of manufacturing constraints into
optimization and explored filters and curve-fitting algorithms that
link different optimization steps, resulting in manufacturable parts.
Furthermore, we delved into the significance of Artificial Intelligence
(AI) within the domain of topology optimization (TO). Subsequently,
we consolidated our findings into a list of conclusions:

1. Trends in research: The prevalence of densityebased methods
like SIMP and SOMP highlights their effectiveness in deter-
mining reinforcement direction vectors. At the same time, the
balanced use of fiber orientation algorithms indicates a versatile
approach to optimizing the morphology of composite struc-
tures. Moreover, the widespread implementation of these al-
gorithms concurrently emphasizes the importance of
comprehensive optimization strategies. A noticeable trend is

Fig. 13. Flowchart of Neural Networkebased topology and reinforcement path optimization, using FEA only for training the model. The variables are represented by NN. Utilizing a
neural network (NN) representation for variables in the optimization process offers several advantages. Firstly, it allows for simultaneous optimization of matrix topology, fiber
density, and fiber orientation, independent of mesh structure. This NNebased approach facilitates end-to-end automatic differentiation, eliminating the need to derive sensitivity
expressions manually. Additionally, the implicit nature of this representation enables the realization of continuous fibers at high resolution during post-processing, exploiting the
trained NN. Consequently, the optimized fiber-reinforced composite (FRC) part can be readily fabricated with automated fiber laying techniques [83].
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emerging towards comprehensive approaches, reflecting the
maturation of TO methods. There is a growing focus on
addressing complex, mathematically challenging problems such
as nonlinear optimization and multiscale processes, along with
considering manufacturing constraints and robustness.

2. Fiber-reinforced polymer composites designed by FRTO: Non-
isotropic TO methods offer the potential for achieving the
global optimum and highest structural performance when
combined with polymer composite materials. Optimization in
these methods occurs not only at the macro level but also aligns
with the morphology of the part, further enhancing its
efficiency.

3. Research opportunities in FRTO: The analysis of TOmethods and
fiber orientation algorithms underscores the need for continued
research and development in optimizing geometric complexity
and addressing real-world constraints. Understanding the geo-
metric complexity of specimens and prevalent TO environments
provides valuable insights for future research directions,
encouraging further exploration into optimizing efficiency,
manufacturing constraints, and experimental validation
methods.

4. Challenges in the field of TO: Increasing computational costs are
challenging the widespread adoption of TO and FRTO design
methods, driving interest in more efficient optimization ap-
proaches. Furthermore, the absence of international standards
poses a significant challenge in objectively comparing results
and methodologies within the field.

5. Efficiency Improvement, synergy with AI, and the evolving role
of TO: Efforts to enhance efficiency include integrated fiber
placement methods and the incorporation of AI into FRTO al-
gorithms, both offering promising paths for streamlining the
design process. The synergy between TO algorithms and
AIebased systems shows potential for a more efficient and
adaptable approach to composite structure design, indicating a
potential shift in the role of TO in structural optimization.
Despite the benefits of AI, TO methods remain essential for
achieving precise solutions and detailed tunability, especially
when transparency and control are essential.

Data availability

No data was used for the research described in the article.

CRediT authorship contribution statement

Bence Szederkenyi: Writing e review & editing, Writing e

original draft, Visualization, Validation, Software, Methodology,
Investigation, Formal analysis, Data curation, Conceptualization.
Norbert Krisztian Kovacs: Writing e review & editing, Writing e

original draft, Supervision, Software, Methodology, Data curation,
Conceptualization. Tibor Czigany: Writing e review & editing,
Writing e original draft, Supervision, Project administration,
Funding acquisition, Conceptualization.

Declaration of competing interest

Tibor Czigany is an editorial board member for Advanced Indus-
trial and Engineering Polymer Research and was not involved in the
editorial review or the decision to publish this article. The authors
declare that they have no known competing financial interests or
personal relationships that could influence the work reported in this
paper.

Acknowledgments

The research reported in this paper was supported by the Na-
tional Research, Development, and Innovation Office (NRDI,
Hungary) through grants OTKA FK134336 and OTKA K 138472.

Project no. TKP-6-6/PALY-2021 has been implemented with the
support provided by the Ministry of Culture and Innovation of
Hungary from the National Research, Development and Innovation
Fund, financed under the TKP2021-NVA funding scheme.

The project 2022-2.1.1-NL-2022-00012 has been implemented
with the support provided by the Ministry of Culture and Innova-
tion of Hungary from the National Research, Development and
Innovation Fund, financed under the 2022-2.1.1-NL Creation of
National Laboratories, Complex Development funding scheme.

Bence Szederk�enyi expresses appreciation for the support of the
Doctoral Excellence Fellowship Programme (DCEP) is funded by the
National Research Development and Innovation Fund of the Min-
istry of Culture and Innovation and the Budapest University of
Technology and Economics, under a grant agreement with the
National Research, Development and Innovation Office.

Norbert Kriszti�an Kov�acs expresses appreciation for the support
of the ÚNKP-23-5-BME-466 New National Excellence Program of
the Ministry for Culture and Innovation from the source of the
National Research, Development and Innovation Fund and the
J�anos Bolyai Research Scholarship of the Hungarian Academy of
Sciences.

References

[1] D. Patel, D. Bielecki, R. Rai, G. Dargush, Improving connectivity and acceler-
ating multiscale topology optimization using deep neural network tech-
niques, Struct. Multidiscip. Optim. 65 (2022) 126.

[2] D.R. Jantos, K. Hackl, P. Junker, Topology optimization with anisotropic ma-
terials, including a filter to smooth fiber pathways, Struct. Multidiscip.
Optim. 61 (2020) 2135e2154.

[3] O. Sigmund, On benchmarking and good scientific practise in topology
optimization, Struct. Multidiscip. Optim. 65 (2022) 1e10.

[4] Kai Yu, Design and 3D printing of continuous fiber composites: status,
challenges, and opportunities, Langmuir 40 (2024) 8751e8759.

[5] M.P. Bendsøe, N. Kikuchi, Generating optimal topologies in structural design
using a homogenization method, Comput. Methods Appl. Mech. Eng. 71
(1988) 197e224.

[6] M. Bendsoe, O. Sigmund, Topology Optimization: Theory, Methods, and
Applications, Springer, Heidelberg, 2004.

[7] P. Cheng, Y. Peng, S. Li, Y. Rao, A. Le, K. Wang, S. Ahzi, 3D printed continuous
fiber reinforced composite lightweight structures : a review and outlook,
Compos. B 250 (2023) 110450.

[8] A. Rimkus, M.M. Farh, V. Gribniak, Continuously reinforced polymeric com-
posite for additive manufacturingddevelopment and efficiency analysis,
Polymers 14 (2022) 3471.

[9] H. Parmar, T. Khan, F. Tucci, R. Umer, P. Carlone, Advanced robotics and
additive manufacturing of composites: towards a new era in Industry 4.0,
Mater. Manuf. Process. 37 (2021) 487e513.

[10] J. Zhu, H. Zhou, C. Wang, L. Zhou, S. Yuan, A review of topology optimization
for additive manufacturing : status and challenges, Chinese J. Aeronaut. 34
(2021) 91e110.

[11] J. Wu, O. Sigmund, J.P. Groen, Topology optimization of multi-scale struc-
tures: a review, Struct. Multidiscip. Optim. 63 (2021) 1455e1480.

[12] J. Wong, A. Altassan, D.W. Rosen, Additive manufacturing of fiber-reinforced
polymer composites : a technical review and status of design methodologies,
Compos. B 255 (2023) 110603.

[13] X. Tian, A. Todoroki, T. Liu, L. Wu, Z. Hou, M. Ueda, Y. Hirano, R. Matsuzaki,
K. Mizukami, K. Iizuka, A.V. Malakhov, A.N. Polilov, D. Li, B. Lu, 3D printing of
continuous fiber reinforced polymer composites: development, application,
and prospective, Chinese J. Mech. Eng. Addit. Manuf. Front. 1 (2022) 100016.

[14] G. Liu, Y. Xiong, L. Zhou, Additive manufacturing of continuous fiber rein-
forced polymer composites: design opportunities and novel applications,
Compos. Commun. 27 (2021) 100907.

[15] Z. Hu, A review on the topology optimization of the fiber-reinforced com-
posite structures, Aerosp. Technol. 3 (2021) 54e72.

[16] M.P. Schmidt, L. Couret, C. Gout, C.B.W. Pedersen, Structural topology opti-
mization with smoothly varying fiber orientations, Struct. Multidiscip.
Optim. 62 (2020) 3105e3126.

[17] M. Stojkovic, J. Butt, Industry 4.0 implementation framework for the com-
posite manufacturing industry, J. Compos. Sci. 6 (2022) 258e286.

B. Szederkenyi, N.K. Kovacs and T. Czigany Advanced Industrial and Engineering Polymer Research 8 (2025) 113e131

129



[18] R. Ashima, A. Haleem, M. Javaid, S. Rab, Understanding the role and capa-
bilities of Internet of things-enabled additive manufacturing through its
application areas, Adv. Ind. Eng. Polym. Res. 5 (2022) 137e142.

[19] M. Javaid, A. Haleem, R.P. Singh, R. Suman, S. Rab, Role of additive
manufacturing applications towards environmental sustainability, Adv. Ind.
Eng. Polym. Res. 4 (2021) 312e322.

[20] A. Brasington, C. Sacco, J. Halbritter, R. Wehbe, R. Harik, Automated fiber
placement: a review of history, current technologies, and future paths for-
ward, Compos. C Open Access 6 (2021) 100182.

[21] T. Markovits, B. Szederk�enyi, Investigation of generative design for powder
bed fusion technology in case of formula student race car components using
Ti6Al4V alloy, J. Manuf. Process. 80 (2022) 220e231.

[22] M. Seabra, J. Azevedo, A. Araújo, L. Reis, E. Pinto, N. Alves, R. Santos, J. Pedro
Mort�agua, Selective laser melting (SLM) and topology optimization for
lighter aerospace components, Procedia Struct. Integr. 1 (2016) 289e296.

[23] C. Ückert, D. Delisle, T. Bach, D.-I. Christian Hühne, D.-I. Jan Stüve, Design
optimization of a CFRP wing cover for the AFP process, in: 6th Aircr. Struct.
Des. Conf., 2018, p. 10, p9.

[24] D. Punera, P. Mukherjee, Recent developments in manufacturing, mechanics,
and design optimization of variable stiffness composites, J. Reinf. Plast.
Compos. 41 (2022) 917e945.

[25] K. Sugiyama, R. Matsuzaki, A.V. Malakhov, A.N. Polilov, M. Ueda, A. Todoroki,
Y. Hirano, 3D printing of optimized composites with variable fiber volume
fraction and stiffness using continuous fiber, Compos. Sci. Technol. 186 (2020)
107905.

[26] O. Sigmund, K. Maute, Topology optimization approaches: a comparative
review, Struct. Multidiscip. Optim. 48 (2013) 1031e1055.

[27] R. Wojtuszewski, A. Bana�s, Topology optimization in additive manufacturing,
in: Annu. Forum Proc. e AHS Int., 2017, pp. 1752e1759.

[28] M.P. Bendsøe, Optimal shape design as a material distribution problem,
Struct. Optim. 1 (1989) 193e202.

[29] S. Osher, J.A. Sethian, Fronts propagating with curvature-dependent speed: al-
gorithms based on Hamilton-Jacobi formulations, J. Comput. Phys. 79 (1988)
12e49.

[30] Y.M. Xie, X.Y. Yang, Q.Q. Liang, G.P. Steven, O.M. Querin, Evolutionary
Structural Optimization, Springer, New South Wales, 2006.

[31] M.P. Bendsøe, O. Sigmund, Material interpolation schemes in topology
optimization, Arch. Appl. Mech. 69 (1999) 635e654.

[32] B. Brown, N.S. Hmeidat, X. Jia, J. Wilt, M. Roberts, B.G. Compton, N. Vermaak,
Experimental investigations of the effectiveness of simultaneous topology/
orientation optimization via SOMP and principal stress directions, Mater.
Des. 217 (2022) 110647.

[33] X.Y. Yang, Y.M. Xie, G.P. Steven, O.M. Querin, Bi-directional evolutionary
method for stiffness optimisation, in: 7th AIAA/USAF/NASA/ISSMO Symp.
Multidiscip. Anal. Optim. Vol. 37, 1998, pp. 1449e1457.

[34] T. Burns, A. Cherkaev, Optimal distribution of multimaterial composites for
torsional beams, Struct. Optim. 13 (1997) 4e11.

[35] O. Sigmund, New class of extremal composites, J. Mech. Phys. Solids. 48
(2000) 397e428.

[36] O. Sigmund, On the usefulness of non-gradient approaches in topology
optimization, Struct. Multidiscip. Optim. 43 (2011) 589e596.

[37] I. Sosnovik, I. Oseledets, Neural networks for topology optimization, Russ. J.
Numer. Anal. Math. Model. 34 (2019) 215e223.

[38] Z. Nie, T. Lin, H. Jiang, L.B. Kara, TopologyGAN: topology optimization using
generative adversarial networks based on physical fields over the initial
domain, in: Proc. ASME Des. Eng. Tech. Conf., 2020, p. p18.

[39] T. Liu, B. Li, S. Wang, L. Gao, Eigenvalue topology optimization of structures
using a parameterized level set method, Struct. Multidiscip. Optim. 50 (2014)
573e591.

[40] W. Chen, Y. Zheng, Y. Wang, Multi-objective topology optimization filled
with multiple microstructures, Compos. Struct. 304 (2023) 116322.

[41] J.B. Russ, H. Waisman, A novel elastoplastic topology optimization formulation
for enhanced failure resistance via local ductile failure constraints and linear
buckling analysis, Comput. Methods Appl. Mech. Eng. 373 (2021) 113478.

[42] J.H. Zhu, W.H. Zhang, L. Xia, Topology optimization in aircraft and aerospace
structures design, Arch. Comput. Methods Eng. 23 (2016) 595e622.

[43] M. Matsimbi, P.K. Nziu, L.M. Masu, M. Maringa, Topology optimization of
automotive body structures: a review, Int. J. Eng. Res. Technol. 13 (2020)
4282e4296.

[44] N. Wu, S. Li, B. Zhang, C. Wang, B. Chen, Q. Han, J. Wang, The advances of
topology optimization techniques in orthopedic implants: a review, Med.
Biol. Eng. Comput. 59 (2021) 1673e1689.

[45] O. sigmund, Design of Material Structures Using Topology Optimization (PhD
thesis), Technical University of Denmark, Department of Mechanical Engi-
neering/Solid Mechanics, 1994.

[46] D.R. Jantos, K. Hackl, P. Junker, An accurate and fast regularization approach
to thermodynamic topology optimization, Int. J. Numer. Methods Eng. 117
(2019) 991e1017.

[47] J.P. Groen, O. Sigmund, Homogenization-based topology optimization for
high-resolution manufacturable microstructures, Int. J. Numer. Methods Eng.
113 (2018) 1148e1163.

[48] T. Jung, J. Lee, T. Nomura, E.M. Dede, Inverse design of three-dimensional fiber
reinforced composites with spatially-varying fiber size and orientation using
multiscale topology optimization, Compos. Struct. 279 (2022) 114768.

[49] V.S. Papapetrou, C. Patel, A.Y. Tamijani, Stiffness-based optimization frame-
work for the topology and fiber paths of continuous fiber composites,
Compos. B Eng. 183 (2020) 107681.

[50] P. Pedersen, Bounds on elastic energy in solids of orthotropic materials,
Struct. Optim. 2 (1990) 55e63.

[51] J.M. Guedes, N. Kikuchi, Preprocessing and postprocessing for materials
based on the homogenization method with adaptive finite element methods,
Comput. Methods Appl. Mech. Eng. 83 (1990) 143e198.

[52] Martin Philip Bendsoe, Noboru Kikuchi, Generating optimal topologies in
structural design using a homogenization method, Comput. Methods Appl.
Mech. Eng. 71 (1988) 197e224.

[53] W. Zhang, D. Li, J. Zhou, Z. Du, B. Li, X. Guo, A Moving Morphable Void
(MMV)-based explicit approach for topology optimization considering stress
constraints, Comput. Methods Appl. Mech. Eng. 334 (2018) 381e413.

[54] G. Costa, M. Montemurro, J. Pailh�es, NURBS hyper-surfaces for 3D topology
optimization problems, Mech. Adv. Mater. Struct. 28 (2021) 665e684.

[55] H. Ding, B. Xu, A novel discreteecontinuous material orientation optimiza-
tion model for stiffness-based concurrent design of fiber composite, Compos.
Struct. 273 (2021) 114288.

[56] K. Gharibi, A.Y. Tamijani, Load-path-based topology optimization of two-
dimensional continuum structures, AIAA J. 59 (2021) 3725e3734.

[57] Y. Luo, W. Chen, S. Liu, Q. Li, Y. Ma, A discrete-continuous parameterization
(DCP) for concurrent optimization of structural topologies and continuous
material orientations, Compos. Struct. 236 (2020) 111900.

[58] J. Zowe, M. Ko�cvara, M.P. Bendsøe, Free material optimization via mathe-
matical programming, Math. Program. Ser. B. 79 (1997) 445e466.

[59] J. Stegmann, E. Lund, Discrete material optimization of general composite
shell structures, Int. J. Numer. Methods Eng. 62 (2005) 2009e2027.

[60] T. Liu, S. Yuan, Y. Wang, Y. Xiong, J. Zhu, L. Lu, Stress-driven infill mapping for
3D-printed continuous fiber composite with tunable infill density and
morphology, Addit. Manuf. 62 (2023) 1e16.

[61] Z. Yang, K. Fu, Z. Zhang, J. Zhang, Y. Li, Topology optimization of 3D-printed
continuous fiber-reinforced composites considering manufacturability,
Compos. Sci. Technol. 230 (2022) 109727.

[62] Y. Li, Y.M. Xie, Evolutionary topology optimization for structures made of
multiple materials with different properties in tension and compression,
Compos. Struct. 259 (2021) 113497.

[63] H.C. Gea, J.H. Luo, On the stress-based and strain-based methods for pre-
dicting optimal orientation of orthotropic materials, Struct. Multidiscip.
Optim. 26 (2004) 229e234.

[64] S. Fakirov, Oriented Polymer Materials, Wiley-VCH, Weinheim, 2002.
[65] B. Fedulov, A. Fedorenko, A. Khaziev, F. Antonov, Optimization of parts

manufactured using continuous fiber three-dimensional printing technol-
ogy, Compos. B Eng. 227 (2021) 109406.

[66] T. Wang, N. Li, G. Link, J. Jelonnek, J. Fleischer, J. Dittus, D. Kupzik, Load-
dependent path planning method for 3D printing of continuous fiber rein-
forced plastics, Compos. A Appl. Sci. Manuf. 140 (2021) 106181.

[67] W. Yang, L. Wang, G. Ma, P. Feng, An integrated method of topological
optimization and path design for 3D concrete printing, Eng. Struct. 291
(2023) 116435.

[68] A. Catapano, M. Montemurro, J.-A. Balcou, E. Panettieri, Rapid prototyping of
variable angle-tow composites, Aerotec. Missili Spaz. 98 (2019) 257e271.

[69] J. Remacle, J. Lambrechts, B. Seny, General topology optimization method
with continuous and discrete orientation design using isoparametric pro-
jection, Numer. Methods Eng. 101 (2014) 571e605.

[70] Y. Huang, X. Tian, Z. Zheng, D. Li, A.V. Malakhov, A.N. Polilov, Multiscale
concurrent design and 3D printing of continuous fiber reinforced thermo-
plastic composites with optimized fiber trajectory and topological structure,
Compos. Struct. 285 (2022) 115241.

[71] Y. Chen, L. Ye, Topological design for 3D-printing of carbon fibre reinforced
composite structural parts, Compos. Sci. Technol. 204 (2021) 108644.

[72] R.R. Fernandes, N. van de Werken, P. Koirala, T. Yap, A.Y. Tamijani,
M. Tehrani, Experimental investigation of additively manufactured contin-
uous fiber reinforced composite parts with optimized topology and fiber
paths, Addit. Manuf. 44 (2021) 102056.

[73] H. Li, L. Gao, H. Li, X. Li, H. Tong, Full-scale topology optimization for fiber-
reinforced structures with continuous fiber paths, Comput. Methods Appl.
Mech. Eng. 377 (2021) 113668.

[74] M. Eckrich, P.A. Arrabiyeh, A.M. Dlugaj, D. May, Structural topology optimi-
zation and path planning for composites manufactured by fiber placement
technologies, Compos. Struct. 289 (2022) 115488.

[75] D. Jiang, R. Hoglund, D.E. Smith, Continuous fiber angle topology optimiza-
tion for polymer composite deposition additive manufacturing applications,
Fibers 7 (2) (2019) fib7020014.

[76] N. Li, G. Link, T. Wang, V. Ramopoulos, D. Neumaier, J. Hofele, M. Walter,
J. Jelonnek, Path-designed 3D printing for topological optimized continuous
carbon fibre reinforced composite structures, Compos. B Eng. 182 (2020)
107612.

[77] G.D. Goh, W. Toh, Y.L. Yap, T.Y. Ng, W.Y. Yeong, Additively manufactured
continuous carbon fiber-reinforced thermoplastic for topology optimized
unmanned aerial vehicle structures, Compos. B Eng. 216 (2021) 108840.

[78] Y. Zhou, T. Nomura, K. Saitou, Multi-component topology and material
orientation design of composite structures (MTO-C), Comput. Methods Appl.
Mech. Eng. 342 (2018) 438e457.

B. Szederkenyi, N.K. Kovacs and T. Czigany Advanced Industrial and Engineering Polymer Research 8 (2025) 113e131

130



[79] J. Liu, H. Yu, Concurrent deposition path planning and structural topology
optimization for additive manufacturing, Eletronic Libr 34 (2017) 1e5.

[80] J.R. Kubalak, A.L. Wicks, C.B. Williams, Deposition path planning for material
extrusion using specified orientation fields, Procedia Manuf. 34 (2019)
754e763.

[81] Z. Qiu, Q. Li, Y. Luo, S. Liu, Concurrent topology and fiber orientation opti-
mization method for fiber-reinforced composites based on composite addi-
tive manufacturing, Comput. Methods Appl. Mech. Eng. 395 (2022) 114962.

[82] Y. Huang, X. Tian, L. Wu, A.A. Zia, T. Liu, D. Li, Progressive concurrent topo-
logical optimization with variable fiber orientation and content for 3D
printed continuous fiber reinforced polymer composites, Compos. B Eng. 255
(2023) 110602.

[83] A. Chandrasekhar, A. Mirzendehdel, M. Behandish, K. Suresh, Computer-
aided design FRC-TOuNN : topology optimization of continuous fiber rein-
forced composites using neural network, Comput. Des. 156 (2023) 103449.

[84] A.A. Safonov, 3D topology optimization of continuous fiber-reinforced
structures via natural evolution method, Compos. Struct. 215 (2019)
289e297.

[85] S. Setoodeh, M.M. Abdalla, Z. Gürdal, Combined topology and fiber path
design of composite layers using cellular automata, Struct. Multidiscip.
Optim. 30 (2005) 413e421.

[86] X. Tong, W. Ge, Y. Zhang, Optimal fiber orientation and topology design for
compliant mechanisms with fiber-reinforced composites, Proc. Inst. Mech.
Eng. C J. Mech. Eng. Sci. 231 (2017) 2302e2312.

[87] K. Mehl, S. Schmeer, N. Motsch-Eichmann, P. Bauer, I. Müller, J. Hausmann,
Structural optimization of locally continuous fiber-reinforcements for short
fiber-reinforced plastics, J. Compos. Sci. 5 (2021) 5050118.

[88] T. Nomura, A. Kawamoto, T. Kondoh, E.M. Dede, J. Lee, Y. Song, N. Kikuchi,
Inverse design of structure and fiber orientation by means of topology
optimization with tensor field variables, Compos. B Eng. 176 (2019) 107187.

[89] X. Wang, Z. Meng, B. Yang, C. Cheng, K. Long, J. Li, Reliability-based design
optimization of material orientation and structural topology of fiber-
reinforced composite structures under load uncertainty, Compos. Struct.
291 (2022) 115537.

[90] D.R. Jantos, P. Junker, K. Hackl, Optimized growth and reorientation of
anisotropic material based on evolution equations, Comput. Mech. 62 (2018)
47e66.

[91] D.R. Seifert, A. Abbott, J. Baur, Topology and alignment optimization of
additively manufactured, fiber-reinforced composites, Struct. Multidiscip.
Optim. 63 (2021) 2673e2683.

[92] C. Luo, J.K. Guest, Optimizing topology and fiber orientations with minimum
length scale control in laminated composites, J. Mech. Des. 143 (2021) 1e13.

[93] N. Boddeti, Z. Ding, S. Kaijima, K. Maute, M.L. Dunn, Simultaneous digital
design and additive manufacture of structures and materials, Sci. Rep. 8
(2018) 1e10.

[94] J.H.S. Almeida, B.G. Christoff, V. Tita, L. St-Pierre, A concurrent fibre orien-
tation and topology optimisation framework for 3D-printed fibre-reinforced
composites, Compos. Sci. Technol. 232 (2023) 109872.

[95] Z. Qiu, Q. Li, S. Liu, Topology optimization method for continuous fiber
reinforced composites with different moduli in tension and compression,
Comput. Methods Appl. Mech. Eng. 423 (2024) 116867.

[96] R. Caivano, A. Tridello, D. Paolino, G. Chiandussi, Topology and fibre orien-
tation simultaneous optimisation: a design methodology for fibre-reinforced
composite components, Proc. Inst. Mech. Eng. L J. Mater. Des. Appl. 234
(2020) 1267e1279.

[97] H. Ding, B. Xu, Z. Duan, W. Li, X. Huang, A cascadic multilevel optimization
framework for the concurrent design of the fiber-reinforced composite
structure through the NURBS surface, Eng. Comput. 39 (2023) 2735e2756.

[98] Z. Duan, Y. Liu, J. Fan, K. Long, B. Xu, J. Zhu, J. Yan, Concurrent multi-material
and multi-scale design optimization of fiber-reinforced composite material
and structures for minimum structural compliance, Compos. Struct. 311
(2023) 116796.

[99] H. Ye, Y. Dong, J. Yang, W. Wang, M. Cheng, Concurrent optimization method
of principal stress orientation interpolated continuous fiber angle (PSO-
CFAO) and structural topology, Compos. Struct. 325 (2023) 117572.

[100] G. Ma, W. Yang, L. Wang, Strength-constrained simultaneous optimization of
topology and fi ber orientation of fi ber-reinforced composite structures for
additive manufacturing, Adv. Struct. Eng. 25 (2022) 1636e1651.

[101] N. Ranaivomiarana, F.X. Irisarri, D. Bettebghor, B. Desmorat, Concurrent
optimization of material spatial distribution and material anisotropy repar-
tition for two-dimensional structures, Contin. Mech. Thermodyn. 31 (2019)
133e146.

[102] H. Smith, J.A. Norato, Topology optimization with discrete geometric com-
ponents made of composite materials, Comput. Methods Appl. Mech. Eng.
376 (2021) 113582.

[103] S. Chen, W. Chen, S. Lee, Level set based robust shape and topology opti-
mization under random field uncertainties, Struct. Multidiscip. Optim. 41
(2010) 507e524.

[104] Y. Wu, J. Yvonnet, P. Li, Z.C. He, Topology optimization for enhanced dynamic
fracture resistance of structures, Comput. Methods Appl. Mech. Eng. 394
(2022) 114846.

[105] X. Gao, W. Chen, Y. Li, G. Chen, Robust topology optimization of multi-
material structures under load uncertainty using the alternating active-
phase method, Compos. Struct. 270 (2021) 114065.

[106] C. Wang, X. Qian, Simultaneous optimization of build orientation and to-
pology for additive manufacturing, Addit. Manuf. 34 (2020) 101246.

[107] Y. Xu, Y. Gao, C. Wu, J. Fang, Q. Li, Robust topology optimization for multiple
fiber-reinforced plastic (FRP) composites under loading uncertainties, Struct.
Multidiscip. Optim. 59 (2019) 695e711.

[108] F. Ferrari, B.S. Lazarov, O. Sigmund, Eigenvalue topology optimization via
efficient multilevel solution of the frequency response, Int. J. Numer.
Methods Eng. 115 (2018) 872e892.

[109] L. Xia, S. Lin, G. Ma, Stress-based tool-path planning methodology for fused
filament fabrication, Addit. Manuf. 32 (2020) 101020.

[110] A. Yang, S. Wang, N. Luo, X. Xie, T. Xiong, Adaptive isogeometric multi-
material topology optimization based on suitably graded truncated hierar-
chical B-spline, Compos. Struct. 294 (2022) 115773.

[111] F. Wein, P.D. Dunning, J.A. Norato, A review on feature-mapping methods for
structural optimization, Struct. Multidiscip. Optim. 62 (2020) 1597e1638.

[112] A.L.F. da Silva, R.A. Salas, E.C. Nelli Silva, J.N. Reddy, Topology optimization of
fibers orientation in hyperelastic composite material, Compos. Struct. 231
(2020) 111488.

[113] G.A. da Silva, H. Emmendoerfer, Fail-safe stress-constrained manufacturing
error tolerant topology optimization, Comput. Methods Appl. Mech. Eng. 421
(2024) 116817.

[114] Y. Joo, H. Choi, G.E. Jeong, Y. Yu, Dynamic graph-based convergence accel-
eration for topology optimization in unstructured meshes, Eng. Appl. Artif.
Intell. 132 (2024) 107916.

[115] A. Clausen, N. Aage, O. Sigmund, Exploiting additive manufacturing infill in
topology optimization for improved Buckling load, Engineering 2 (2016)
250e257.

[116] J. Naik, A. Acharya, J. Thaker, Revolutionizing condition monitoring tech-
niques with integration of artificial intelligence and machine learning, in:
Mater. Today Proc., Elsevier Ltd, 2023, p. 5.

[117] S. Nasiri, M.R. Khosravani, Applications of data-driven approaches in pre-
diction of fatigue and fracture, Mater. Today Commun. 33 (2022) 104437.

[118] Y. Li, J. Zhang, Multi-criteria GA-based Pareto optimization of building di-
rection for rapid prototyping, Int. J. Adv. Manuf. Technol. 69 (2013)
1819e1831.

[119] Y. Maksum, A. Amirli, A. Amangeldi, M. Inkarbekov, Y. Ding, A. Romagnoli,
S. Rustamov, B. Akhmetov, Computational acceleration of topology optimi-
zation using parallel computing and machine learning methods e analysis of
research trends, J. Ind. Inf. Integr. 28 (2022) 100352.

[120] C. Wang, Y. Lian, R. Gao, F. Xiong, M.J. Li, A multi-point synergistic gradient
evolution method for topology optimization leveraging neural network with
applications in converged and diverse designs, Comput. Mech. 73 (2024)
105e122.

[121] Y. Zhang, H. Chi, B. Chen, T.L. Elaine Tang, L. Mirabella, L. Song, G.H. Paulino,
Speeding up computational morphogenesis with online neural synthetic
gradients, in: Int. Jt. Conf. Neural Networks, 2021, p. p8.

[122] B. Harish, K. Eswara Sai Kumar, B. Srinivasan, Topology optimization using
convolutional neural network, in: Adv. Multidiscip. Anal. Optim., 2020, p. 21.

[123] E. Ulu, R. Zhang, L.B. Kara, A data-driven investigation and estimation of
optimal topologies under variable loading configurations, Comput. Methods
Biomech. Biomed. Eng. Imaging Vis. 4 (2016) 61e72.

[124] J. Yin, Z. Wen, S. Li, Y. Zhang, H. Wang, Dynamically configured physics-
informed neural network in topology optimization applications, Comput.
Methods Appl. Mech. Eng. 426 (2024) 117004.

[125] Q. Lin, J. Hong, Z. Liu, B. Li, J. Wang, Investigation into the topology optimi-
zation for conductive heat transfer based on deep learning approach, Int.
Commun. Heat Mass Transf. 97 (2018) 103e109.

[126] D.A. White, W.J. Arrighi, J. Kudo, S.E. Watts, Multiscale topology optimization
using neural network surrogate models, Comput. Methods Appl. Mech. Eng.
346 (2019) 1118e1135.

[127] L. Wang, Y.C. Chan, F. Ahmed, Z. Liu, P. Zhu, W. Chen, Deep generative
modeling for mechanistic-based learning and design of metamaterial sys-
tems, Comput. Methods Appl. Mech. Eng. 372 (2020) 113377.

[129] J. Norato, R. Haber, D. Tortorelli, M.P. Bendsøe, A geometry projection
method for shape optimization, Int. J. Numer. Methods Eng. 60 (2004)
2289e2312.

[130] S. Zhang, J.A. Norato, A.L. Gain, N. Lyu, A geometry projection method for the
topology optimization of plate structures, Struct. Multidiscip. Optim. 54
(2016) 1173e1190.

[132] Y. Li, P.F. Yuan, Y.M. Xie, Topology optimization of structures composed of
more than two materials with different tensile and compressive properties,
Compos. Struct. 306 (2023) 116609.

B. Szederkenyi, N.K. Kovacs and T. Czigany Advanced Industrial and Engineering Polymer Research 8 (2025) 113e131

131


	A comprehensive review of fiber-reinforced topology optimization for advanced polymer composites produced by automated manu ...
	1. Introduction
	2. Research methodology
	3. Topology optimization–compatible automated composite manufacturing technologies
	4. Introduction of topology optimization
	5. Non-isotropic topology optimization
	6. Fiber-reinforced topology optimization
	6.1. Introduction of the primary topology optimization methods
	6.1.1. Density–based topology optimization
	6.1.2. Homogenization–based topology optimization
	6.1.3. Level-set topology optimization
	6.1.4. B-spline–based topology optimization
	6.1.5. Free energy–based topology optimization
	6.1.6. Feature mapping–based topology optimization

	6.2. Reinforcement optimization methods (morphology)
	6.2.1. Oriented vector field–based reinforcement path design
	6.2.2. Curve fitting methods
	6.2.3. Integrated reinforcement design methods


	7. Concurrent and sequential topology optimization and reinforcement path design
	8. Practicality in topology optimization
	8.1. Manufacturing limitations in reinforcement path design
	8.2. Efficiency of the optimization algorithms
	8.3. Errors in topology optimization

	9. Objective comparison of optimization results
	10. Artificial intelligence in topology optimization
	10.1. Neural network–based reinforcement path design methods

	11. Future trends
	12. Conclusion
	Data availability
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	References


