<]
TUDelft

Delft University of Technology

Reliability-Based Topology Optimization Considering Overhang Constraints for Additive
Manufacturing Design

Murat, Fahri ; Kaymaz, Irfan ; SENSQOY, A.T.

DOI
10.3390/app1511625

Licence
CCBY

Publication date
2025

Document Version
Final published version

Published in
Applied Sciences

Citation (APA)

Murat, F., Kaymaz, |., & SENSQY, A. T. (2025). Reliability-Based Topology Optimization Considering
Overhang Constraints for Additive Manufacturing Design. Applied Sciences, 15(11), Article 6250.
https://doi.org/10.3390/app1511625

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.3390/app1511625
https://doi.org/10.3390/app1511625

ﬁ applied sciences

Article

Reliability-Based Topology Optimization Considering
Overhang Constraints for Additive Manufacturing Design

Fahri Murat !, Irfan Kaymaz ! and Abdullah Tahir Sensoy 234*

Received: 24 April 2025
Revised: 23 May 2025
Accepted: 27 May 2025
Published: 2 June 2025

Citation: Murat, F.; Kaymaz, I;
Sensoy, A.T. Reliability-Based
Topology Optimization Considering
Overhang Constraints for Additive
Manufacturing Design. Appl. Sci.
2025, 15, 6250. https://doi.org/
10.3390/app15116250

Copyright: © 2025 by the author.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license
(https://creativecommons.org/license

s/by/4.0/).

1 Department of Mechanical Engineering, Faculty of Engineering and Architecture, Erzurum Technical
University, 25050 Erzurum, Turkey; fahri.murat@erzurum.edu.tr (F.M.); irfan. kaymaz@erzurum.edu.tr (LK.)

2 Faculty of Mechanical Engineering, Delft University of Technology, Mekelweg 2,
2628 CD Delft, The Netherlands

3 Department of Oral and Maxillofacial Surgery, Erasmus University Medical Center, Doctor Molewaterplein
40, 3015 GE Rotterdam, The Netherlands

¢ Department of Biomedical Engineering, Faculty of Engineering and Natural Sciences, Samsun University,

55420 Samsun, Turkey

Correspondence: a.t.sensoy@tudelft.nl or tahirsensoy@hotmail.com

Abstract: This study examines the combination of overhang constraints and Reliability-
Based Topology Optimization (RBTO) in additive manufacturing (AM). AM offers intri-
cate component production but faces challenges due to support structures. Incorporating
overhang constraints in topology optimization enables self-supporting structures. RBTO
addresses uncertainties in design variables to enhance reliability. This research investi-
gates build direction parameter solutions using deterministic and RBTO algorithms. Top-
ological properties, compliance, sensitivity, and density filters are assessed, alongside op-
timization techniques like Method of Moving Asymptotes (MMA) criterion and Optimal-
ity Criteria (OC). In numerical experiments on the MBB beam, the AM-RBTO algorithm
reduced 3D printing time by approximately 18.3% and improved structural performance
by lowering the objective function value by 1.85% compared to conventional RBTO. Re-
sults contribute to merging overhang constraints and RBTO in AM topology optimization,
improving design by considering uncertainties. The study enhances computational effi-
ciency and stability in optimizing build direction parameters, offering valuable insights
for future AM applications.

Keywords: topology optimization; reliability analysis; additive manufacturing; overhang
constrain

1. Introduction

Additive manufacturing (AM) has become one of the most important methods for
functional components due to its ability to produce complex geometries with high preci-
sion by combining materials layer by layer. Especially in metal-based AM, developments
over the last decade have elevated the quality and reliability of the technology to a level
suitable for creating fully functional final products rather than just prototypes. Topology
optimization, used to take full advantage of AM’s design freedom, is considered a switch
that expands the manufacturability limits [1-3].

Topology optimization is an advanced structural design method that can obtain the
optimal structural configuration through the best material distribution under certain
boundary conditions [4-6]. Using additive manufacturing technology enables unique and
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innovative designs in various industries that cannot be achieved with conventional man-
ufacturing [7-9]. To take full advantage of both topology optimization and AM, it is first
necessary to integrate design constraints into topology optimization [10].

Support structures are required to prevent the overhangs from collapsing in the AM
process, and supports usually have to be removed after manufacturing. Support struc-
tures used during manufacturing increase material consumption, post-processing time,
and difficulties [11,12]. Therefore, it has been reported that support structures are the most
prominent problem limiting manufacturability in AM [13]. Therefore, one of the most
prominent typical AM constraints for topology optimization is the overhang constraint
[14].

An extensive body of research has been dedicated to minimizing additional supports
in the additive manufacturing process. This has been achieved by incorporating the over-
hang constraint into the topology optimization process, leading to the proposal of opti-
mized designs that eliminate the need for any support structures [15]. Consequently, man-
ufactured structures have evolved to be integral components of the design rather than just
supports. The critical overhang angle of the Ti-6Al-4V part, fabricated using Selective La-
ser Melting (SLM), was empirically determined, with successful production realized at
angles of 20° or greater [16]. Through numerous SLM-based experiments, Thomas further
validated 45° as the critical overhang angle [17].

Additionally, the research conducted by Zou et al. delved into topology optimization
for additive manufacturing, considering the self-supporting constraint within the Solid
Isotropic Material with Penalization (SIMP) framework [18]. In an effort to minimize the
volume of additional supports, Morgan et al. employed the optimal build direction within
their optimization approach [19]. To further reduce supports, Hu et al. proposed a direc-
tion-based shape optimization approach [20]. A pivotal area of current research is the in-
tegration of overhang constraints into topology optimization to maintain self-supporting
structures [21]. Johnson and Gaynor used this method to construct self-supporting struc-
tures [22]. In a similar study, Langelaar proposed a self-supporting AM filtering proce-
dure that could be integrated into topology optimization, focusing on generation [15,23].
This layer-based filtering concept introduced by Langelaar has seen extensive application
and examination in the academic literature [24-27]. An approach combining geometric
and mechanical constraints has been developed to effectively utilize self-supporting struc-
tures [28]. Complementing this, Guo et al. introduced two effective strategies based on the
Moving Morphable Components (MMC) and Moving Morphable Voids (MMV) frame-
works, respectively [29].

In light of these investigations, topology optimization designs for AM have gained
considerable significance in engineering applications and academic research in recent
years. Despite this progress, a notable deficiency lies in the absence of an assessment of
reliability criteria essential for the direct utilization of designs achieved through topology
optimization in AM. A substantial gap exists in the current literature for enhancing com-
putational efficiency and stability in topology optimization, particularly where uncertain
parameters in designs are considered [30]. The process of ascertaining the optimal mate-
rial distribution within the design via topology optimization is further complicated by the
uncertainties introduced through the manufacturing processes [31].

In structural designs, inherent uncertainties often encompass design variables such
as material parameters (e.g., modulus of elasticity, yield strength) and applied force [32].
However, deterministic topology optimization fails to account for the uncertainties of
these random variables in the solution phase. Considering these structural uncertainties
within deterministic problems leads to the derivation of more dependable designs. As a
result, Reliability-Based Topology Optimization (RBTO) has emerged as a new strand of
optimization [33,34]. RBTO aims to account for uncertainties in applied loads and other
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random variables during the solution process [35-38]. Employing the RBTO model, dis-
tinct topologies are procured depending on the targeted reliability levels, differing from
those acquired via deterministic topology optimization. The resulting topologies offer a
better volume/reliability ratio than deterministic approaches [39].

To the best of the authors” knowledge, no existing studies in the literature simultane-
ously incorporate additive manufacturing (AM) constraints into reliability-based topol-
ogy optimization (RBTO) problems. Integrating AM parameters into the topology optimi-
zation process is common practice, but considering reliability criteria alongside these con-
straints is essential for developing more robust and manufacturable designs. In this re-
search, the build direction parameter used in additive manufacturing is solved by adapt-
ing it to a deterministic and RBTO algorithm. The comparison focuses on the topological
attributes and compliance of the intended blueprint, to be produced under four varying
direction parameters. The application of the solution was realized on structures such as
the Messerschmitt-Bolkow—-Blohm (MBB) beam, cantilever beam, and L-shape beam us-
ing 88 lines of MATLAB TO code [40]. In deriving the solution, we conducted a compara-
tive evaluation of sensitivity and density filters. As a part of our optimization methodol-
ogy, we employed MATLAB R2023b Optimization Toolbox’s interior-point algorithm to
update the design variables. In addressing the RBTO problem for the examples considered
in this research, both the Method of Moving Asymptotes (MMA) and Optimality Criteria
(OC) were examined, providing a comparative analysis of the results.

2. Materials and Method
2.1. Deterministic Topology Optimization

In this study, the focus is on the minimum compliance topology optimization algo-
rithm, as illustrated in Equation (1). The objective here is to discover the material distri-
bution (represented by p) throughout the design space that results in maximum stiffness
while adhering to a specific volume constraint.

N
min C(p) = d"Rd = ) (po)Pdlkod,
e=1
74 1
subject to ®) <f M
Vs
Kd=f

O<pminSPeS1

The vector p represents the design variables within the minimum compliance topol-
ogy optimization algorithm. The stiffness matrix, displacement vector, and force vector
are denoted by K, d, and f, respectively. N refers to the number of elements that dis-
cretize the design area while d, and k, are the displacement of an element and ele-
mental stiffness matrix, respectively. The material volume and the design area volume are
represented by V(p) and V,, with f as a pre-determined upper limit in the volume frac-
tion. pp, is the minimum relative density used to prevent singularity in the model.
When p, = 0, it signifies that the corresponding element within the structure is consid-
ered empty, meaning it does not contribute to the physical attributes of the design.

The design domain is discretized using square-shaped finite elements, adhering to a
fundamentally density-based topology optimization methodology. A revised version of
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the Solid Isotropic Material with Penalization (SIMP) method is employed, allowing for
the implementation of filters within the optimization process.

Ee(p_e) = Enin + Pg (Eo — Emin) 2)

Here, E, represents the stiffness of the solid elements while E,,;, is the density
value attributed to the void regions to prevent the stiffness matrix from becoming singu-
lar. Additionally, p is a penalization factor, usually set to 3, used to ensure definitive
black-and-white solutions. A significant advantage of the modified SIMP method is its
ability to allow for the straightforward application of additional filters [40].

Certain filters must be employed to address the topology optimization problem and
prevent the creation of checkerboard patterns, as seen in Figure 1. To establish areas of
medium density, a smooth transition between solid and empty regions is required, facili-
tating a more controlled and desired material distribution.

Tmin = 1 Tmin = 2

Figure 1. Effect of using filter radius (7;,;,) on optimum topology.

A prevalent technique for achieving this is the application of a filter radius (r;,,;,,) to
the sensitivities or densities. The specific sensitivity filter utilized in the topology optimi-
zation (TO) problem is detailed as follows [40]:

ac 1 Z u dc
dpe  max (y,pe) Lien, Hei £ " 0p; ©)

Here, the term y (= 1073) is a small positive number, and H,; is a weighting factor
defined as follows:

H,; = max (0, 1y, — A(e, 1)). 4)

In the classical SIMP approach, the density variables cannot be zero, and the y term
is not required. The density filter used for TO problems is given as follows:

1

Pe =w—— z Heip;. 5
Yien, Hei . ©)
The filtered densities, referred to as p,, are known as physical densities. Therefore,
the filtered density field g, should always be presented instead of the original density
field p, as a solution to the optimization problem. In the case of applying the density
filter, p, is replaced by p, . The sensitivities with respect to the design variables p; are

obtained using the chain rule as follows:

ap; 35, 00: v g Hjez~> 6
apj eeN; 0Pe apj eeNjZieNi He; e 9P (6)

where 1) stands for either the objective function or the volume of material. When aiming
to design cost-effective and reliable structures, reducing the structural weight in areas that
are not essential becomes critical. This must be executed with careful consideration of
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variability and randomness in the optimization strategies. The following section will ex-
plore the particular reliability criteria that must be assessed to achieve this goal.

2.2. Reliability Evaluation

Within the scope of topology optimization designs, the reliability criteria incorporate
the uncertainties associated with random variables. This methodology is embedded
within the optimization process to identify a dependable and ideal configuration for a
structure in a specified area. In conducting a reliability analysis, a normalized vector of
the random variable (u) and a reliability index (f) are introduced [41]. Although the de-
sign variable p does not appear explicitly in Equation (7), it influences the structural re-
sponse and performance functions used in the reliability analysis, thereby indirectly af-
fecting the value of u through the limit-state function. When dealing with a normal dis-
tribution, the expressions for u and g are defined as follows:

Yj —my;
U =—,
ay;

)
B = min (m),

where y; is the j'th random variable with a mean value of my, and a standard deviation
Ty The vector (u) represents the standard normal transformation of random variables,
which are implicitly dependent on design variables through the reliability analysis pro-
cess. Therefore, an RBTO (Reliability-Based Topology Optimization) problem, formulated
by integrating the reliability analysis into the topology optimization problem, can be de-
scribed as follows:

N
min C(p) = d"Rd = ) (po)Pdlkod,
e=1

subjectto  B(u) = f;
®)
Vip,y u)
V—o < f

K(p,y,u)-d(p,y,u) = f(y,u)
O<pminSpe <1

Here, f and f; represent the system’s reliability index and target reliability index,
respectively, and u represents random variables described in the standard normal space.
In the expression found in Equation (8), there are two nested optimization loops. For every
value that the design variables assume in the solution phase of the outer loop, the value
of the reliability index described in the inner loop is computed. In the RBTO problem,
where the outer loop is directed towards a minimum compliance goal and constrained by
reliability, the inner loop is characterized as a reliability problem. Within the inner loop,
the failure region is denoted as G(u) < 0, while the limit state function is expressed as
G (u) = 0. The probability of failure, as defined in this context, is given as follows:

Py, = Pr[G;(u) < 0] = f f w fv@w)du. 9)
Gi(u)<0
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Here, fy(u) shows the combined probability density function of random variables.
Therefore, to solve the integral given in Equation (9), analytical methods such as the First-
and Second-Order Reliability Method (FORM and SORM) shown in Figure 2 [42] or sim-
ulation-based methods such as Monte Carlo can be considered [43].

u A

/
N l' failure region
1 Gu) <0

Ny design Gu) =0
= point

N,
\§

B N~ ~=—=SORM

safe region

G(u) = 0 +FORM

ws

Figure 2. Representation of FORM and SORM approaches on a normalized design space.

The Reliability Index Approach (RIA) and the Performance Measurement Approach
(PMA) are the two prevalent methods for evaluating reliability using FORM. In RIA, the
calculation of the reliability index involves solving a minimization problem in the variable
space u, being the vector of standard normal variables. Conversely, PMA aims to identify
a probabilistic measure of performance by approaching the problem as an inverse relia-
bility problem. The PMA method has found widespread application in reliability assess-
ment [44,45]. The equation employed in the inner loop for the TO solution, making use of
PMA, is articulated in Equation (10) for scenarios where displacement is taken into ac-
count:

min G(u) = Smax — Oattow

subject to ,3=||u||=\/uf+---+uj2+---+u]2 (10)

Omax = |umax |

Here, u represents the design variables of the standard normal distribution, &p,4, is
the maximum displacement value, and 6,4, is the allowable displacement value. The
following section will explain how the AM filter is adapted to the RBTO problem de-
scribed here.

2.3. AM Filter Concept

In Additive Manufacturing (AM) methods like Selective Laser Melting (SLM) or Elec-
tron Beam Melting (EBM), one of the constraints involves maintaining a minimum thresh-
old angle for the incline of a surface facing downward (referred to as an overhang) in
relation to the baseplate. When this standard is fulfilled for a specific part direction, it is
understood that the part is self-supporting in that direction [23]. This widely recognized
constraint in Additive Manufacturing has been extensively studied in various processes.
The critical angle that is often cited approximates 45 degrees [46—48]. If a piece possesses
areas with overhang angles falling beneath this critical degree in the chosen manufactur-
ing orientation, it will not be self-supporting and cannot be printed in its current form.
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The support region in this context refers to the three-square elements in the layer under-
neath, depicted in Figure 3.

m—-1,|m—-1, | m-1,
m n—1 |n n+1

—————————

—————————

n Manufacturing plane

Figure 3. Definition of supporting regions for element m,n [18].

In the present study, the filter recommended by [15], tailored to suit the requirements
of the AM process, was utilized in the topology optimization of two-dimensional struc-
tures. According to this method, an element in a specific location must be sufficiently sup-
ported by the elements on its underlying layer to be printable. The supporting region is
designated to include the element directly beneath or the immediate neighboring ele-
ments. The mathematical expression for the AM filter in the 2D scenario is provided as
follows:

f(m,n) = min (x(m,n): E(m,n))
(11)

E(m,n) = max (f(m—l,n—l)' S(m—l,n)' 6(m—1,n+1))-

Here, i and j denote the vertical and horizontal location of the element, .y,
shows the printed density of the element at a given location, and Z,, ) shows the density
of element (m,n). Derivatives are taken using smin and smax smooth approximations
for precision calculation in the optimization process. The mentioned approaches are ex-
pressed below:

smin(x,E) == (x + £— ((x —E)? + &)/2 + V)

N| =

1/P (12)

smax(éy, &, 6) = | ) &
k=1

Here, the € and P parameters control the accuracy and smoothness of the approxi-
mations. The exact minimum and maximum operators for € = 0 and P — o are ob-
tained, but the smoothness is lost. In this study, , = 0.5 was chosen as the default value.

In this study, reliability analysis was adapted to the existing topology optimization
approach and an AM constraint was added to consider the orientation of the printed part.
Langelaar’s suggested AM filter is incorporated into the renowned 88-line topology opti-
mization code created by Andreassen et al. [15,40]. By default, this code employs the OC
optimizer. Within this procedure, an inner loop continually evaluates the volume con-
straint, meaning the AM filter is invoked several times, subsequently increasing compu-
tational time. As a result, modifications were made to the codes in alignment with the
MMA [49] and the interior-point method. We compared the Optimality Criterion (OC),
Method of Moving Asymptotes (MMA), and interior-point methods during the design
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iteration process. This assessment of the AM filter played a key role in shaping our final
conclusions. The modification of the AM filter to fit the RBTO problem is depicted in
Equation (13):

min C(p) = d"Kd(p)d

subjectto  B(u) = f;

40 (13)
VO = f

Kpp,wy)-d=f

0 <pmin <pe=1

In this formulation, p is the primary design variable. The printed density field p is
a dependent quantity derived via the AM filter from p. The flow chart that outlines the
formulation represented by Equation (13) is provided in Figure 4.

Topology Optimization Reliability Evaluation
START
Normalized the random variables:
| Define optimization inputs | u = Yy
ay;
—'{ Finite element analysis (with AM filter) l

| Reliability analysis |

| Sensitivity analysis |
i
Filtering
(density and sensitivity)

l
Self-Support constraint
(AM Filter)

!

Update design variables
(with fmincon)

Yes

Gu) <0
Blp,u) = B,

Figure 4. Flowchart for RBTO procedure using AM filter.

The interior-point method in MATLAB is a general-purpose primal-dual algorithm
based on barrier functions and typically utilizes second-order derivative information
when available. In contrast, MMA is a first-order, approximation-based method specifi-
cally developed for large-scale structural optimization problems. It constructs separable
convex subproblems with moving asymptotes to guide the search direction. While MMA
shares some conceptual similarities with interior-point approaches (e.g., staying within
bounds), its algorithmic structure and convergence properties are distinct. In this study,
MMA was implemented directly within the topology optimization loop, while the inte-
rior-point method was used through MATLAB's built-in solver.

2.4. Sensitivity Analysis with AM Filter

In density-based topology optimization, the design variable p € [0,1] typically rep-
resents the material distribution across the design domain. The compliance C(p) is min-
imized subject to volume and other constraints. When applying an additive manufactur-
ing (AM) filter, the physical (or printable) density ¢ used in FE analysis and sensitivity
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computations is a nonlinear transformation of p, implemented to satisfy manufacturabil-
ity constraints (e.g., overhang constraints).

2.4.1. Standard Chain Rule for Sensitivity Analysis
The compliance objective function is given by
C(p) = d"K(p)d. (14)

Its sensitivity with respect to the design variable p is calculated using the chain rule:

ac _ ac as,

dp. 0%, dp.

Here, ¢, is the filtered density using the AM filter, :TC is the local compliance deriv-

o%
dpe

(15)

ative with respect to ¢, and accounts for the AM filtering effect.

2.4.2. AM Filter Behavior

We use the AM filter proposed by [23], which applies a directional filtering process.
For a build direction (e.g., “W’), the printable density field ¢ is computed via layer-wise
maximum and minimum smoothing, using parameters P, ¢, and a base density &,.

The upward recurrence relation for filtered density is

f(m,n) = smin (xmynmax (E(m—l,n—l)’ E(m—l,n)’ 05'(m—l,n+1)))’

where
(16)

smin(a, b) = %(a +b—y(a—b)*+ s)

aP+pP+cP 1/p
smax(a, b, c) = —

2.4.3. Derivative of the AM Filter

To propagate sensitivities through the AM filter, the partial derivatives of the
smoothing functions used in the filter (specifically the smooth minimum and smooth max-
imum operations) must be computed analytically. The derivative of the smooth minimum
function smin(x, £) with respect to x is

Osmin(x, E) 1 (1 x—Z >
0x 2 JEx—-2)2+e¢

Osmin(x, = 1 x—E
#=_<1+—>_

0= 2 Jix—-8)3+e¢

(17)

Similarly, its derivative with respect to £ is

pP-1
k

Osmax(61,82.85) _ 1 .
3

O \(ff + e+ )

(Pl)/P\ fork =1,23. (18)
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These partial derivatives are used recursively to backpropagate the sensitivities from
¢ to p over each layer of the mesh, starting from the build plate upward.

2.4.4. Total Sensitivity with Filtering

Y represents either the objective function or a constraint function. The complete sen-
sitivity of 1 with respect to the design variable p, considering the effect of the AM filter,
is expressed using the chain rule as

oy oy
dp dp dp

In the implementation, the second term % is computed by the AM filter function

(19)

and applied to the raw sensitivity data provided by the structural solver.

3. Results and Discussion

In the present research, a minimization of linear elastic compliance was conducted
under a volume constraint, utilizing the SIMP material interpolation technique [1,50]. The
investigation considered the Messerschmitt-Bolkow—Blohm (MBB) symmetrical beam, as
depicted in Figure 5, and employed material properties of Young’s modulus E = 100 GPa
and Poisson’s ratio v = 0.3.

Figure 5. MBB symmetric beam and boundary conditions.

The optimization process was conducted across four varying table layouts (west ‘W’,
east ‘E’, north ‘N, south ’S’), utilizing the 88-line TO code. Within the topology optimiza-
tion, a penalty factor value of p = 3 was applied to diminish the influence of medium-
density (gray-colored) elements. The assumptions included a radius filter of 7,,;, = 1.2, a
volumetric ratio Vy = 0.5, and a target reliability index g, = 3.

Two different filters were employed and compared within this study, namely the
sensitivity filter and the density filter, both serving to mitigate checkerboard patterns. The
example solutions treated the force expression in the beam as a stochastic variable, fol-
lowing a normal distribution with a mean of 100 and a standard deviation of 10. A con-
straint was set on the beam’s allowable displacement value at 0.04, in alignment with ref-
erence [51]. However, this threshold is used as a target within the RBTO reliability formu-
lation rather than as a strict deterministic bound. As such, minor exceedances are permit-
ted based on the selected reliability index.

Simultaneously, a comparative assessment was performed between the Optimality
Criterion (OC) and the Method of Moving Asymptotes (MMA) methodologies, both used
to update the design variables. All example solutions were executed on a computer system
equipped with an Intel Core i7-6700 CPU operating at 3.41 GHz and possessing 16GB of
RAM.
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3.1. MBB Beam

For the MBB beam, design areas measuring 30 x 20 and 90 x 60 were employed, as
illustrated in Figure 5. Across all evaluated scenarios, the iteration count was limited to a
maximum of 300. The results clearly demonstrated that different build directions led to
the emergence of distinct topologies. Most significantly, all the resulting designs were in
full compliance with the Additive Manufacturing constraint, a factor that takes into con-
sideration the specific direction of construction.

In this study, a thorough comparison was made by initially presenting deterministic
Topology Optimization (TO) solutions, as shown in Figure 6. The subsequent analyses
included both sensitivity (ft = 1) and density filter (ft = 2). The deterministic solutions were
then compared with those in Figure 6, involving the Optimality Criterion (OC), Method
of Moving Asymptotes (MMA), and interior-point methods. It was observed that the de-
sign updated via the interior-point method converged more rapidly than those employing
MMA and OC when the sensitivity filter was used. Despite these differences in conver-

gence, both approaches led to topologically similar results.

OC (ft=1), It: 124, Obj: 45, MMA (ft=1), It: 174, Obj: 49, interior-point (ft =1), It: 29,

Vs: 0.5, time: 9.19 Vs: 0.5, time: 11.73 Obj: 48, Vg 0.5, time: 8.08

OC (ft=2), It: 82, Obj: 48, MMA (ft=2), It: 45, Obj: 48,  interior-point (ft = 2), It: 45,

Vg: 0.5, time: 10.35 V¢: 0.5, time: 3.76 Obj: 44, V;: 0.5, time: 8.83

Figure 6. Deterministic topology optimization designs for the 30 x 20 MBB beam, utilizing the Op-
timality Criterion (OC), Method of Moving Asymptotes (MMA), and interior-point methods.

Figure 7 illustrates the deterministic Topology Optimization (DTO) outcomes,
achieved in four unique manufacturing directions (W, E, N, S), for the MBB beam with the
Additive Manufacturing (AM) filter applied in this research. Consequently, a distribution
was achieved that eliminates the necessity for a support structure in the manufacturing
direction. Owing to the stability of the results when using the sensitivity filter (ft = 1) in
conjunction with the interior-point algorithm, compared to the density filter, subsequent
solutions were conducted with the sensitivity filter.

The west direction is preferable, achieving the required compliance without hinder-
ing performance. The north and south orientations require additional material to maintain
the structure, thereby improving fit. Slight modifications in the east and west designs lead
to minor increases in compliance. Without the utilization of an AM filter, the reference
design (as shown in Figure 6) cannot be printed in any of the considered directions with-
out the aid of a support structure. Figure 8 reveals the results of both RBTO and RBTO
with the AM filter. Highlighted by blue lines on the optimal figures, the additive manu-
facturing table represents the AM filter, which was assessed for the ‘W’ direction for
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minimal compliance, in line with prior findings. Additionally, the optimal topologies that
were identified were fabricated using a 3D printer (Creality Ender-6, Shenzhen, China).

Y E N S
It: 200, Obj: 47, V;: 0.50, It: 234, Obj: 46, V051, It: 211, Obj: 58, V;: 0.53, It: 189, Obj: 51, V{: 0.54,
time: 55.1 time: 64.0 time: 72.2 time: 57.3

Figure 7. Deterministic topology optimization designs of 30 x 20 MBB beams employing the interior-
point approach and AM filter in four different build directions, with the use of a sensitivity filter.

30 x 20 90 x 60 3D Printing (90 x 60)

RBTO

. Total time: 71 min
. ;. . It: 88, Obj: 62 V,: 0.50
It: 87, Obj: 54, Vj: 0.5, . ) . 954f Support time: 12 min
time: 83.94 time:

AM-RBTO/W

Total time: 58 min

It: 29, Obj: 53, V;: 0.51, It: 76, Obj: 53, V;:0.49, ]
Without support

time: 23 time: 752

Figure 8. RBTO design of MBB beam using interior-point and AM filter; overhang regions exceeding

45° are marked with red lines.

The regions where the overhang angle exceeds the 45° threshold are marked with red
lines, indicating areas that would require support structures if printed without applying
the AM constraint.

Based on the results presented, the AM-RBTO/W algorithm consistently excels in
structural design by achieving lower values for the objective function. Specifically, in the
case of a 30 x 20 structure size, the AM-RBTO/W algorithm not only yields a lower objec-
tive function value but also provides a solution more rapidly compared to the RBTO al-
gorithm. Even for the 90 x 60 structure size, where the objective function values were
identical, the AM-RBTO/W algorithm retained a benefit by reaching the solution in less
time. In a comparison of 3D printing durations, the algorithm incorporating the AM filter
finished 13 min quicker.

These outcomes collectively illustrate the effectiveness of the optimization in balanc-
ing material consumption against structural performance. A reduced objective function
value signifies improved structural performance, whereas an increased volume fraction
corresponds to a greater utilization of material.
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3.2. Cantilever Beam

For the cantilever beam depicted in Figure 9, design areas of 30 x 20 and 90 x 60 were
employed, akin to the previous example. A maximum of 300 iterations were set for all
cases. In this solution, only the sensitivity filter was employed, as it consistently delivered
stable results. The penalty factor was set at 3, the minimum radius (7;,;,) at 1.2, the volume
ratio at 0.5, and the target beta value at 3.

P

Figure 9. Cantilever beam boundary conditions.

Figure 10 presents the results obtained from DTO, RBTO, and RBTO with the AM
filter. The optimal solutions with dimensions of 90 x 60 were produced using a 3D printer
and scrutinized. In alignment with the previous example, the west direction was chosen
as the printing orientation.

30 %20 90 x 60

3D Printing (90 x 60)

DTO
It: 22, Obj: 50, V: 0.55, It: 28, Obj: 51, Vy: 0.49, Total time: 74 min
time: 5.93 time: 564 Support time: 13 min
RBTO
It: 28, Obj: 51, Vf: 0.52, It: 26, Obj: 48, Vfi 0.50, Total time: 79 min
time: 15.6 time: 731 ) Support time: 14 min
AM-
RBTO/W
It: 24, Obj: 52, V: 0.52, It: 23, Obj: 48, V;: 0.48, Total ime: 58 min
time: 13.7 time: 672

Without support

Figure 10. TO design of cantilever beam using interior-point and AM filter with sensitivity filter;

overhang regions exceeding 45° are marked with red lines.
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In the given example concerning the cantilever beam problem, a comparative analy-
sis was conducted across various optimization algorithms and structure sizes. Specifically,
DTO, RBTO, and AM filter with RBTO algorithms were evaluated with respect to iteration
counts, objective function values, volume fractions, and solution durations for two distinct
structure sizes. From the examination of the results, it was discerned that the AM-
RBTO/W algorithm achieved the most favorable objective function value, thereby render-
ing the best structural performance with a volume fraction of 52%. While the DTO algo-
rithm yielded quicker results compared to RBTO, the RBTO algorithm demanded the
most time to converge, averaging 15.6 s. Furthermore, the implementation of the AM fil-
ter, which eliminated the need for support structures, facilitated a reduction in printing
time, diminishing it to as low as 21 min.

Upon inspection of the geometric structures derived from the solution, it was ob-
served that alterations in material distributions occurred when the mesh size was in-
creased. This phenomenon, known as mesh dependency, remained unaffected when the
AM filter was employed.

3.3. L-Shape Beam

In the analysis of the L-shape beam illustrated in Figure 11, design areas of 40 x 40
and 120 x 120 were utilized. A limit of 300 iterations was established for all scenarios to
ensure consistency in comparison. Within this solution, the sensitivity filter was applied,
aligning with the methodological framework used in previous examples. These settings
facilitated the optimization process, ensuring a comprehensive assessment and alignment
with the problem’s constraints and goals.

VA

Figure 11. L-shape beam boundary conditions.

The optimization results for the L-shape beam are illustrated in Figure 12. Similarly
to previous examples, the optimized structures were subsequently 3D printed. Unlike
other cases, the upper right quarter square was made passive in this optimization by em-
ploying a square design area with dimensions of 40 x 40 and 120 x 120 specifically for the
L-shape beam. During the application of the AM filter, the optimization process was con-
ducted with particular consideration for the south (S) direction.

Figure 12 examines three distinct algorithms (DTO, RBTO, and AM-RBTO/S) across
two varying sizes (40 x 40 and 120 x 120). In the case of the 120 x 120 size, the RBTO algo-
rithm demonstrates the greatest solution time and number of iterations, whereas the other
sizes and algorithms exhibit comparable iteration counts and times. This example also
reveals the inclusion of time and support structure cost when the AM filter is omitted in
the 3D printing of optimal designs. Generally, variations are noticeable among the
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different sizes and algorithms, and the displacement values stemming from these varia-

tions are detailed in Table 1.

40 = 40 120 x 120 3D Printing (120 x 120)

DTO
It: 59, Obj: 105, V;: 0.31, It: 67, Obj: 91, V;: 0.30, Total time: 142 min
time: 34 sn time: 574 sn Support time: 30 min
RBTO
It: 48, Obj: 104, V;: 0.30, It: 107, Obj: 99, V;: 0.30, Total time: 148 min
time: 177 sn time: 977 sn Support time: 28 min
AM-
RBTO/S

Total time: 119 min
. i . It: 48, Obj: 105, V¢: 0.30, .
It: 48, Obj: 106, V;: 0.32, ] r Without support

time: 177 sn time: 177 sn

Figure 12. TO design of L-shape beams using interior-point algorithm with sensitivity filter; over-

hang regions exceeding 45° are marked with red lines.

Table 1. Comparison of the reliability values of topology optimization designs.

Calculated Displacement (mm)

Optimization Algorithm MEBB Cantilever L-Shape
DTO 0.0418 0.0500 0.1057
AM-DTO 0.0419 0.0511 0.1150
RBTO 0.0415 0.0384 0.0973
AM-RBTO 0.0425 0.0392 0.0981

A review of the displacement results in Table 1 reveals that the solutions derived
from RBTO are less than those from deterministic solutions. Calculated displacement re-
fers to the maximum nodal displacement magnitude obtained via finite element analysis
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after optimization. Introducing the additive manufacturing filter to deterministic prob-
lems has led to an increase in displacements under the influence of applied loads. Simi-
larly, when the results are analyzed by integrating the additive manufacturing filter with
reliability-based analysis, there is no substantial alteration observed in comparison to
RBTO.

4. Conclusions

In this study, using the AM filter proposed by [15], designs that also take into account
reliability criteria in topology optimization were carried out. For density-based topology
optimization, reliable designs are obtained based on the build direction in a typical pow-
der bed-based AM process. In this way, non-printable parts with parts that need support
structure are removed from the design area. The proposed method has been tested using
three different numerical examples commonly used in the literature. In this context, the
topologies of reliability-based optimization problems were found to diverge from deter-
ministic outcomes. Likewise, analyses employing the AM filter demonstrated that addi-
tional material was unnecessary for self-supporting structures. To verify the accuracy of
the obtained results from the example solutions, the optimum topologies were 3D printed
and examined. The use of the AM filter, as observed in the examples, significantly reduced
printing time and resulted in less material usage. Additionally, there is a need for addi-
tional investigation to adapt this method to three dimensions, thereby addressing more
complex engineering challenges.
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