
Structural and Multidisciplinary Optimization          (2026) 69:162 
https://doi.org/10.1007/s00158-026-04362-2

RESEARCH PAPER

Fail-safe topology optimization using artificial neural networks

Benedikt Hamann1 · Benedikt Kriegesmann1

Received: 25 February 2026 / Revised: 12 May 2026 / Accepted: 15 May 2026
© The Author(s) 2026

Abstract
Accounting for fail-safety in topology optimization requires the consideration of a large number of failure scenarios. For
each scenario, the structural responses must be evaluated, rendering explicit fail-safe topology optimization computationally
extremely demanding. In recent years, artificial neural networks (ANNs) have gained increasing attention in topology opti-
mization as a means to overcome existing limitations and advance the state of the art. To explore the potential and limitations
of ANN-based fail-safe topology optimization, this work proposes a novel framework for generating fail-safe designs. Within
this framework, fail-safe designs are derived from designs optimized for minimal compliance using an ANN. In addition,
a post-processing step is introduced to address common problems associated with topology-optimized designs predicted by
ANNs. Compared to the traditional approach, the proposed framework reduces the computing time required to generate
fail-safe designs by 84.98%. However, due to the high initial cost of data generation and model training, achieving a net
computational benefit would require very large number of applications. Compared with deterministic designs, the generated
fail-safe designs achieve a median reduction in damage compliance of 96.02%. However, compared with the traditional fail-
safe approach, the damage compliance is 85.32% higher. Moreover, the results indicate limited versatility, with performance
degrading as problem formulations deviate increasingly from the training distribution.

Keywords Fail-safe optimization · Artificial neural networks · Damage tolerance

1 Introduction

In safety-critical applications, such as aircraft design, struc-
tures must be resilient to local damage. The ability to sustain
the intended load in the event of a damaged structural
member is designated as "fail-safe." Sun et al. (1976) first
introduced fail-safety as a constraint to truss structure opti-
mization by evaluating every possible damage. In topology
optimization, fail-safety was first explicitly considered by
Jansen et al. (2013), who introduced a square damage patch,
modeling the damage by assigning the minimum stiffness
to all affected finite elements. In their formulation, every
finite element is used as a damage patch origin, resulting
in a large number of damage cases to be evaluated, mak-
ing the approach computationally extremely demanding. To
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improve computational efficiency, some researchers focused
on reducing the number of damage cases. Zhou and Fleury
(2016) found that with no overlap of damage patches, similar
fail-safe properties are achieved while the number of dam-
age cases is reduced significantly. To only evaluate critical
damage cases, Wang et al. (2020) employed the von Mises
stress criterion, while Ambrozkiewicz and Kriegesmann
(2018) introduced a material threshold that damage patches
must exceed to be considered. Zhang et al. (2023) further
reduced the number of evaluated scenarios through stochastic
sampling within a two-level framework. Herrero-Pérez and
Picó-Vicente (2024) combined domain decomposition and
adaptive mesh refinement with a hierarchical parallelization
scheme that exploits parallelismacross damage scenarios and
spatial subdomains to efficiently solve large-scale problems.
Alternative formulations have also been proposed. Instead
of relying on a classical min–max formulation, Peng and
Sui (2021) introduced a smooth single-objective approach
by employing reciprocal design variables and linearizing the
structural response. Stolpe (2019) formulated fail-safe truss
optimization as a worst-case compliance problem and pro-
posed an active-set algorithm to manage active and inactive

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1007/s00158-026-04362-2&domain=pdf
http://orcid.org/0009-0005-4887-115X
http://orcid.org/0000-0001-5330-9886


  162 Page 2 of 21 B. Hamann, B. Kriegesmann

damage cases. Fairclough et al. (2023) replaced member-
based damage with a patch-based model and introduced
an adaptive strategy to include critical damage scenarios.
Other studies have extended fail-safe topology optimization
to different applications, such as fiber-reinforced compos-
ites (Cheng et al. 2025) and metamaterials (Zheng et al.
2025). For a comprehensive overview of methods aimed
at improving computational efficiency, see the review by
Whiteside et al. (2025). Although great progress has been
made, fail-safe topology optimization remains computation-
ally intensive, hindering progress in research and industrial
application.

In recent years, a growing number of researchers have
exploredmachine learning approaches in structural optimiza-
tion for a range of objectives (Ramu et al. 2022; Woldseth
et al. 2022; Shin et al. 2023). Extending these methods to
fail-safe topology optimization offers a promising route for
further gains in computational efficiency (Whiteside et al.
2025). Shin et al. (2023) divided the purpose of the appli-
cation of machine learning in topology optimization into
seven categories. With non-iterative Optimization, the opti-
mal topology is predicted based on conditions, describing
the optimization problem, without the need for expensive
iterative optimization (Cang et al. 2019; Rade et al. 2020).
Acceleration of Iteration aims to speed up conventional opti-
mization by mapping the intermediate to the finished design
(Banga et al. 2018; Kallioras et al. 2020). Through Meta
Modeling, the computational cost is reduced by replacing,
e.g., finite element analyses and/or sensitivity analysis using a
machine learning algorithm (Lee et al. 2020; Chi et al. 2021).
With Dimensionality Reduction of Design Space, machine
learning models are used for reparameterization to reduce
the number of design variables and thereby, computational
cost (Li et al. 2019). With Improvement of Optimizer, either
optimal parameters for a conventional optimizer are obtained
via machine learning (Jiang et al. 2020) or replaced entirely
by reparameterization and backpropagation (Chandrasekhar
and Suresh 2021). In Generative Design, generative models
are used to predict several solutions for the same optimiza-
tion problem, offering the user a variety of designs to choose
from (Yamasaki et al. 2021; Sim et al. 2021). With Post-
processing, designs obtained by conventional optimizations
are modified to ensure manufacturability (Napier et al. 2019;
Xue et al. 2021).

The current paper proposes a new method to determine a
fail-safe design by topology optimization,which is illustrated
in Fig. 1. The idea is to first run a plain topology optimization
for compliance minimization without fail-safety consider-
ations. The result is then converted into a fail-safe design
using an artificial neural network (ANN). Therefore, the
approach falls in the category Post-processing, though the
target is not to ensure manufacturability, but fail-safety. The
primary objective of the proposed framework is to approxi-

mate fail-safe topology optimization solutions produced by
the approach of Jansen et al. (2013) with comparable perfor-
mance at reduced computational cost.

This task can be considered as an image-to-image trans-
lation problem, a class of tasks in which artificial neural
networks typically performwell (Isola et al. 2017). However,
as we show in the paper, pure image-to-image translation
is not sufficient in order to come up with high-performing
designs. Therefore, a post-processing step is required after
the image-to-image translation. For training theANN, a large
dataset is generated by running plain topology optimization
and topology optimization considering fail-safety for various
combinations of boundary conditions, load cases, volume
fractions, and mesh resolutions.

This paper is organized as follows. First, explicit and
implicit considerations of fail-safety in topology optimiza-
tion are recapitulated in Sect. 2. Section 3 provides the
relevant foundations of deep learning. InSect. 4, the proposed
approach is elaborated, including training dataset creation,
model and hyperparameter selection, and the developed
post-processing steps. Sect. 5 presents the training results
and discusses the potential and limitations of the proposed
approach based on several examples. A final conclusion is
given in Sect. 6.

2 Topology optimization for damage
tolerance

Damage tolerance arises from redundant loadpaths that allow
load redistribution after structural member failure. Fail-safe
designs can be achieved either by explicitly including failure
cases in the optimization or implicitly by enforcing structural
redundancy. Publications already exist on both approaches,
which are summarized in this section.

2.1 Wording

As already noted byWhiteside et al. (2025), the terminology
for fail safety, damage tolerance or robustness is not consis-
tent throughout the literature on this topic.

Sun et al. (1976) consider the exceedance of a stress limit,
and hence ameasure for failure, in the constraint of their opti-
mization problem. Hence, structural integrity is ensured even
in the case that one structural member failed. In the authors’
opinion, this very much aligns with fail-safety. Jansen et al.
(2013), Zhou and Fleury (2016), and Ambrozkiewicz and
Kriegesmann (2020) consider the worst-case compliance as
optimization objective. The resulting structures are hence as
stiff as possible in the case of a removed structural member,
but no statement is made about failure. Jansen et al. (2013)
and Zhou and Fleury (2016) also speak of robustness of the
structure. As Whiteside et al. (2025) points out, ”the term
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Fig. 1 Approach of fail-safe design by machine learning

’robustness’ in the context of optimization is commonly used
to describe a type of optimization problem where the design
parameters possess some degree of uncertainty and ensuring
the resulting structure is insensitive to such uncertainties.”
Whiteside et al. suggest the term ’structural robustness’ in
order to differentiate from robustness against uncertainty. In
the authors view, the better option is the term ’damage toler-
ance’,whichwas alreadyusedbyArora et al. (1980).Damage
tolerance is a requirement for safety-critical structures that
can be demonstrated by proving fail-safety, but also by other
means. Hence, it appears to us as a more general term, which
will therefore be used throughout this paper.

Fig. 2 Explicit fail-safe design (right) compared to non-fail-safe design
(left). The applied damage patch is indicated by the red square

2.2 Explicit consideration of failure cases

In the approach proposed by Jansen et al. (2013), fail-safety
is achieved by modeling partial local failure by removing
patches of material in every possible location in each itera-
tion. The resulting optimization problem reads

min
ρ

max
j

c j

s.t . K ju j = f ∀ j = 0, ..., NFC

0 ≤ ρe ≤ 1 ∀ e = 1, ..., NE

V (ρ) = V0

(1)

with c j being the compliance of all NFC failure cases.
Using the SIMP approach, each finite element is assigned
one pseudo density ρe, which is constrained to be in the
interval [0, 1]. The design vector ρ hence contains the NE

pseudo densities ρe. The volume fraction of the design V (ρ)

is restricted to the prescribedvolume fractionV0. The equilib-
rium systemK ju j = f is solved for each failure case in NFC ,
resulting in extreme computational cost. Since the maximum
operator is non-differentiable, the worst-case (i.e. maximal)
compliance is commonly approximated using the p-norm.
As shown in Fig. 2, the resulting design exhibits redundant
load paths, thereby enhancing its damage tolerance. Here, we
use the modified SIMP approach (Bendsøe 1989; Sigmund
2007) with a variable filter (Bruns and Tortorelli 2001).

2.3 Implicit enforcement of redundancy

Instead of explicitly considering failure cases, damage tol-
erance can be improved implicitly by enforcing structural
redundancy. Wu et al. (2018) introduced a local volume con-
straint to optimize the infill for additive manufacturing. The
optimization problem reads

min
ρ

c

s.t . Ku = f

0 ≤ ρe ≤ 1 ∀ e = 1, ..., NE

max
e

(ρ̄e) ≤ α

(2)

where ρ̄e is the local volume in the neighborhood of the
element e specified by radius r . The maximum local vol-
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Fig. 3 Implicit fail-safe design (right) compared to non-fail-safe design
(left)

ume is restricted to α, preventing the formation of thick
structural members and enforcing designs with a larger
number of thinner members, as illustrated in Fig. 3. Com-
pared to plain compliance minimization, only one additional
constraint needs to be evaluated per iteration; thus, this redun-
dancy comes with little additional computational cost. Kranz
et al. (2021) compared the explicit and implicit formulations
for fail-safe stress optimization and found that the explicit
approach consistently outperforms the implicit one in terms
of damage tolerance. Moreover, the implicit consideration
of failure requires substantial heuristic parameter tuning in
order to achieve satisfying damage tolerance.

2.4 Evaluation of fail-safety

Jansen et al. (2013) use a square shape damage patch for
the approach recapitulated in Sect. 2.2. This is an obvious
choice for a topology optimization with a voxel mesh, but it
is still an arbitrary choice. Kranz et al. (2021) compare dif-
ferent damage patch shapes in the context of fail-safe stress
minimization. While the influence of the patch shape turned
out to be surprisingly small, the size of the damage patch
has a strong influence on the resulting topology. In order to
allow for a fair comparison between different approaches, a
fail-safety evaluation procedure was suggested by Kranz et
al. The general idea is to identify load paths in the optimized
topology using image processing techniques and to consider
their removal as damage scenarios (Fig. 4). For this purpose,
the densityfield is skeletonized, and structural nodes are iden-
tified as branch points. Removing these branch points yields
individual structural struts. By clustering these struts, their
midpoint,major andminor axes, and orientation can be deter-
mined. The damage size is determined by increasing it until
a specified number of void elements are included. Damage
scenarios located within a certain range of the load applica-
tion points are excluded. Thereby, the measure for fail-safety
is closer to what is considered as fail-safety in safety-critical
applications.

Both the patch-based and the load path-based fail-safety
evaluation are used for the evaluation of results in this paper.

F

Fig. 4 Load-path based damage modeling, adapted from Kranz et al.
(2021). Structural members to the right of the red dashed line are not
considered

3 Deep learning foundations

The deep learning model used in this paper is a conditional
generative adversarial network. This section elaborates on
themodel architecture and outlines the relevant deep learning
foundations.

3.1 Conditional generative adversarial networks

The generative adversarial network (GAN), proposed by
Goodfellow et al. (2014), is a framework to train generative
models only using backpropagation. The framework consists
of two models that are trained simultaneously. The generator
is trained to produce samples from noise that match the data
distribution, while the discriminator learns to estimate the
probability that a sample originates from the data distribution
rather than the generator. The training process can be viewed
as a two-player game in which the generator attempts to fool
the discriminator, while the discriminator seeks to expose the
generator.

With the base GAN framework, there is no control over
the output of the generator.Mirza andOsindero (2014) added
conditional information to the noise input, allowing control
over the output of the generator. This extension is referred to
as the conditional generative adversarial network (cGAN).

In recent years, the cGAN framework has been frequently
applied in the field of topology optimization, demonstrating
reliable and strong performance (Behzadi and Ilie 2021; Nie
et al. 2021; Huang et al. 2025; Parrott et al. 2023; Rawat
and Shen 2019; Pereira and Driemeier 2024). Accordingly,
a cGAN architecture is adopted as the model framework for
the proposed approach.

3.2 The U-SE-ResNet architecture

The U-Net is a convolutional neural network introduced
by Ronneberger et al. (2015) for biomedical image seg-
mentation. Its architecture, illustrated in Fig. 5, consists of
a contracting path for feature extraction and a symmetric
expanding path thatmaps these features to the output domain.
The connection between the two paths forms the bottleneck.

123



Fail-safe topology optimization… Page 5 of 21   162 

Skip Connections

Fig. 5 U-Net architecture

Skip connections link corresponding levels of the contract-
ing and expanding paths to preserve spatial information lost
during downsampling and to recover high-resolution details.
The U-Net architecture has since been widely adopted for
topology optimization (Zheng et al. 2021; Qiu et al. 2021;
Seo and Kapania 2023; Wang et al. 2023).

As neural networks deepen, training becomes more chal-
lenging due to vanishing gradients (Hochreiter 1991). To
address this, He et al. (2016) proposed the residual learn-
ing framework, in which the model learns residual mappings
rather than direct transformations.

Traditional convolutional networks treat all feature chan-
nels equally, ignoring potential inter-channel dependencies.
To enhance representational capacity, Hu et al. (2018)
introduced the squeeze-and-excitation (SE) block, which
adaptively recalibrates channel-wise feature responses by
modeling their interdependencies. A global average pool-
ing operation first “squeezes” global spatial information into
channel descriptors, which are then used to “excite” chan-
nels through learned weighting. Hu et al. incorporated the
SE-block into a ResNet by adding it before the summation
with the identity branch, as depicted in Fig. 6, and named it
SE-ResNet.

For non-iterative optimization, Nie et al. (2021) proposed
the U-SE-ResNet, a U-Net variant in which the bottleneck is
replacedwithSE-ResNet blocks, combining spatial precision
with improved feature representation.

Given the promising performance of the U-SE-ResNet, it
is adopted as the baseline generator architecture within the
cGAN framework in the present work. Modifications to this
architecture are introduced and discussed in Sect. 4.2.

4 New approach for fail-safe design

The implementation of the proposed approach, illustrated
in Fig. 1, involves the following steps. A training dataset is
generated, consisting of paired non-fail-safe (x) and fail-safe
designs (y). For this, various combinations of boundary con-

Global Pooling 

Dense

Dense

ReLU

Sigmoid

Scale

Fig. 6 SE-ResNet architecture of an artificial neural network suggested
in Hu et al. (2018)

ditions, loads, volume fractions, and mesh resolutions are
considered. Within a cGAN framework (Fig. 7), the genera-
tor G is trained to map each non-fail-safe design x , together
with random noise z, to its corresponding fail-safe counter-
part y. The generator output ŷ is constrained to the interval
[0, 1]via a sigmoid activation function, representing apseudo
density field. The design predicted by the generator is then
passed, along with the non-fail-safe design, to the discrimi-
nator D, which outputs the probability that the input sample
corresponds to a real fail-safe design rather than a generated
one. The generator loss is computed using the discrimina-
tor’s response together with additional metrics, which are
discussed in Sect. 4.3.

Given the limitations reported in literature (Woldseth et al.
2022), the predictions of the trained model are expected
to exhibit weaknesses such as structural disconnections. To
address these issues, a post-processing step is applied, which
is presented in Sect. 4.4.

The motivation behind fail-safe design is that, if one load
path fails, the applied load can be redistributed through the
remaining load paths. In topology optimization, however,
neither the final design nor its load paths are known in
advance. Therefore, a natural choice for modeling damage is
the use of predefined damage patches. Ambrozkiewicz and
Kriegesmann (2018) proposed a damage modeling approach
that more closely follows the original motivation of fail-safe
design by identifying actual load paths and continuously
deriving as well as updating damage scenarios based on
them throughout the optimization process. This reduces the
number of damage scenarios that need to be evaluated signif-
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Loss function 

DiscriminatorGenerator

Fig. 7 Generator training scheme

icantly. However, because the optimization problem changes
continuously, convergence is not likely, which limits the
direct applicability of the method in topology optimiza-
tion. Consequently, the approach was applied in combination
with shape optimization (Ambrozkiewicz and Kriegesmann
2020).

The cGAN framework is trained to reproduce explicit
fail-safe topology optimization solutions. Thus, its primary
objective is to achieve comparable performance with respect
to the patch-based criterion at reduced computational cost.
The path-based criterion is additionally evaluated to provide
a more comprehensive perspective and to better assess the
damage tolerance of the designs produced by the proposed
approach, both individually and in comparison with alterna-
tive approaches such as the implicit formulation.

The framework is evaluated on the test dataset. To evalu-
ate the performance of the proposed approach, the predicted
fail-safe designs are compared to the ground truth design
in terms of volume fraction (VF), undamaged compliance
Cund, damage-patch-based worst case compliance Cpatch

wc ,
and load-path-based worst case compliance Cpath

wc . Here, the
term "worst case" refers to the maximum compliance value
out of all considered damage scenarios. To determine Cpatch

wc ,
the square damage patches, which were also used for the
data generation via the approach of Jansen et al. (2013).
For Cpath

wc , the damage scenarios are determined via image
processing, identifying individual load-paths and their inter-
sections (Kranz et al. 2021). In each damage scenario, one
branch or junction is removed.

4.1 Training data generation

For the supervised training of the cGAN framework, a large
dataset is required. As illustrated in Fig. 8, each data sam-

non-fail-safe 
topology optimization 

fail-safe 
topology optimization 

F

boundary condition, 
load, 
volume fraction, 
resolution

Fig. 8 Generation of training data

ple consists of a non-fail-safe topology-optimized design
and a fail-safe design. The non-fail-safe design is obtained
using plain topology optimization for minimal compliance.
Considering the same boundary conditions, the approach of
Jansen et al. (2013) is used to obtain the fail-safe design.

For both non-fail-safe and fail-safe topology optimization,
the modified SIMP method (Bendsøe 1989; Sigmund 2007)
is used with a penalty factor of 3. To suppress checkerboard-
ing and reduce mesh dependence, a density filter (Bourdin
2001; Bruns and Tortorelli 2001) is appliedwith a radius of 6.
In addition, a projection scheme (Xu et al. 2010; Wang et al.
2011) with continuation is used to improve convergence. The
projectionparameterβ is initialized to 1 anddoubled every30
iterations for the non-fail-safe optimization and every 50 iter-
ations for the fail-safe optimization, until a maximum value
of 16 is reached.

The setup for damage modeling in the fail-safe topology
optimization is illustrated in Fig. 9 for the cantilever example.
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Fig. 9 Exemplary illustration of failure case size and increment,
adapted from Kranz et al. (2021)

A damage patch size of Ly
4 is used for all samples. Dam-

age patches located at or near load-application points are
deactivated. To reduce the computational cost of dataset gen-
eration, the patch increment is chosen equal to the patch size,
which limits the number of damage scenarios to be evaluated
while still producing designs with strong fail-safe perfor-
mance (Zhou and Fleury 2016). Moreover, the non-fail-safe
and fail-safe optimizations are not run to full convergence;
instead, they are terminated after 150 and 300 iterations,
respectively. In rare cases, this early stopping yields designs
of insufficient quality, which are subsequently removed from
the dataset. The resulting grayscale designs are projected to
strictly binary representations of void and material. Due to
the early stopping procedure, both the non-fail-safe and, in
particular, the fail-safe designs contain regions of interme-
diate density. Since the fail-safe designs generally exhibit a
larger portion of such intermediate densities, slight differ-
ences in volume fraction between non-fail-safe and fail-safe
designs can occur. It is assumed that these deviations do not
significantly affect the training process or the results of the
proposed framework.

The dataset is generated using four fixed boundary con-
ditions: the cantilever, the MBB beam, the L-beam, and the
diagonal support configuration. These setups are illustrated
in Fig. 10.

To create deviating designs, 1–3 independent load cases
are considered per sample. Across the dataset, 1

6 ,
1
3 , and

1
2

of the samples are generated with one, two, and three load
cases, respectively. Each load case consists of a single point
load, which is placed randomly in the design domain. All
loads have the samemagnitude and act either in horizontal or
vertical direction, which is decided randomly. For the volume
fraction constraint, upper limits of 0.20, 0.30, 0.40, and 0.50
are considered.

The design domain dimensions are sampled uniformly
fromdiscrete values,withLx ∈ {120, 240, 360, 480, 600, 720}
and Ly ∈ {120, 240}. Woldseth et al. (2022) observed that
most related studies employ comparatively low mesh reso-

lutions, typically not exceeding 26,000 elements. With up to
92,160 elements (for a maximum aspect ratio of 1:6 of the
design space), the mesh resolution used in this study is still
low compared to state-of-the-art topology optimization. One
reason is that determining the ground truth fail-safe design
using the approach of Jansen et al. (2013) is extremely expen-
sive compared to standard topology optimizations.

To enable training with designs of varying mesh resolu-
tions, similar to Zheng et al. (2021), all designs are embedded
into a zero-padded matrix large enough to contain the largest
design in the dataset. The resulting unified representation has
the dimensions 240× 720 elements. To enhance generaliza-
tion, each design is positioned at random coordinates within
this matrix, as illustrated in Fig. 11.

Combining all variations in boundary conditions, volume
fractions,mesh resolutions, and randomized load cases yields
an initial training dataset of 12,417 designs. Applying 180◦
rotations as well as horizontal flips augments the dataset to
a total of 49,668 samples. The dataset is divided into ten
equally sized subsets. One subset is not used during model
training but as an independent test set. The remaining nine
subsets are used for 9-fold cross-validation. In each fold,
eight subsets are used for training and one for validation.
After training, the model is evaluated on the fixed test set.

4.2 Model and training

The cGAN framework used in the present work is imple-
mented independently. The network architecture of the
generator is based on theU-SE-ResNet proposed byNie et al.
(2021), while the discriminator’s architecture is based on the
PatchGAN architecture originally introduced by Isola et al.
(2017) and adopted by Nie et al. (2021). Both networks are
not used as-is but aremodified tomeet the requirements of the
present approach. The generator is a U-Net with SE-ResNet
blocks as the bottleneck. The contracting path contains three
convolutional blocks, each consistingof a convolutional layer
followed by batch normalization and activation function. The
leaky-ReLU activation used by Nie et al. (2021) is replaced
with the swish activation, which has shown improved per-
formance in ResNet-type architectures (Ramachandran et al.
2017). The expanding path mirrors the contracting path. To
mitigate checkerboarding artifacts, transposed convolutions
are replaced by nearest-neighbor upsampling followed by
convolution (Odena et al. 2016). The bottleneck comprises
32 SE-ResNet blocks (Hu et al. 2018).

While the conditional input used by Nie et al. (2021) con-
sists of six channels, the present approach requires only one.
Accordingly, the number of kernels of the first convolutional
layer is reduced from 128 to 8; these are then doubled with
each subsequent convolutional layer in the contracting path.
Increasing the number of kernels was tested and resulted in
improved training metrics. However, this improvement did
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Fig. 10 Examples for training data

Fig. 11 Design placing in enclosing zero matrix

not translate into enhanced mechanical performance of the
predicted designs, as discussed in Appendix A. Nie et al.
(2021) considered designs of size 64 × 128, while the zero-
padded inputs in this paper have a size of 240 × 720. All
convolutional kernels are enlarged from3×3 to 9×9, to better
capture long-range spatial dependencies. The improvement

produced by thismodification is reported inAppendixA. The
resulting generator features 23,013,921 trainable parameters.

The discriminator, based on the PatchGAN architecture
of Isola et al. (2017), is modified analogously: the number of
kernels in the first layer is reduced from 32 to 16, and the con-
volutional kernel size is increased from3×3 to 9×9.Thefinal
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discriminator features 961,041 trainable parameters. The ini-
tial learning rates for the generator and discriminator are set
to 0.001. Both are trained using theAdamoptimizer (Kingma
and Ba 2017) with a batch size of 64. All model and training
hyperparameters were selected manually without the use of
automated hyperparameter optimization.

4.3 Loss function

The loss function LG of the generator G is an aggregation of
four loss terms, given by

LG = λAdvLAdv + λwMSELwMSE + λVFLVF + λIDLID (3)

The weight factors are manually chosen to λAdv = 0.01,
λwMSE = 1.0, λID = 0.2 and λVF = 10. Each term promotes
a different aspect of the desired prediction,which is described
below. Using the discriminator prediction D, the adversarial
loss LAdv forms the core objective,

LAdv = E(x,y)∼pdata, z∼pz

[− log D(x,G(x, z))
]

(4)

where x denotes the conditional input, z the random noise,
andE the expectation operator,which is approximated during
training by the average over each mini-batch.

To encourage predictions that more closely match the
ground truth and reduce compliance error, a weighted mean
squared error term LwMSE is added:

LwMSE = E(x,y)∼pdata, z∼pz

[
1

Ne

Ne∑

e=1

(ye − ŷe)
2

(1 + ye(λmat − 1))

]

(5)

Here, y is the ground-truth fail-safe design and ŷ = G(x, z)
the generator prediction. The squared error is computed per
element e and averagedover all Ne = 172, 800 elements. The
weighting factor λmat amplifies the contribution of elements
that contain material in y, thereby reducing the penalty for
falsely predicted material and encouraging the formation of
structural members. This shifts emphasis from void regions,
which are abundant due to the zero-padding approach, toward
the material phase.

Because this weighting tends to increase the predicted
volume fraction, an additional term is introduced to control
volume:

LVF = Ex∼pdata(x), z∼pz

[∣∣∣∣
∣

Ne∑

e=1

ŷe −
Ne∑

e=1

xe

∣∣∣∣
∣

]

(6)

Thevolumeerror is computed relative to the conditional input
x rather than to y to account for small volume discrepancies

between paired samples. A sigmoid activation at the genera-
tor output bounds predictions between zero and one.

To further discourage intermediate densities and pro-
mote crisp black-and-white designs, the intermediate-density
penalty LID is applied:

LID = Ex∼pdata(x), z∼pz

[
1

Ne

Ne∑

e=1

4ŷe(1 − ŷe)

]

(7)

An additional loss term penalizing the difference in undam-
aged compliance between the predicted and ground truth
design was explored. However, computing the undamaged
compliance via finite element analysis for all samples within
the training loop was found to be computationally pro-
hibitive, resulting in a substantial increase in training time.

The discriminator is trained to distinguish real fail-safe
designs from generator-produced predictions conditioned on
x . Its loss is the standard binary cross-entropy,

LD = −E(x,y)∼pdata

[
log D(x, y)

]

− Ex∼pdata,z∼pz

[
log (1 − D(x,G(x, z)))

]
. (8)

To stabilize training, one-sided label smoothing is applied
Salimans et al. (2016). The real and fake labels of 1 and 0
are replaced with 0.9 and 0.1, reducing discriminator over-
confidence and tempering its feedback to the generator.

4.4 Post-processing to ensure connectivity

Multiple references report that designs generated by ANNs
exhibit structural flaws, such as disconnected structuralmem-
bers and unsupported loads (see Fig. 12, top). While there
are several articles describing these limitations (Patel et al.
2022; Behzadi et al. 2024), there is yet no definitive solution.
Woldseth et al. (2022) discussed these limitations and their
probable cause.

For the predicted fail-safe designs, similar problems are
encountered. Therefore, two possible postprocessing proce-
dures are presented that improve the performance loss due to
the missing connectivity of the topology:

1. A purely graphics-based method that extends discon-
nected areas until connectivity is reached.

2. A fast topology optimization using a modified local vol-
ume constraint approach.

Both approaches are presented in the following subsections.

4.4.1 Post-processing by headland extension

This image-based post-processing approach, illustrated in
Fig. 12, starts with up-scaling and smoothing the predicted
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F

F

F

F

Fig. 12 Post-processing via headland extension

design. Applying skeletonization, disconnectedmembers are
identified, and their areas, minor and major axis lengths,
orientations, and endpoints are determined. Disconnected
structural members below a specified area threshold are
removed. Members exceeding this threshold are reconnected
by extending them in their determined orientation until mate-
rial is reached. The transition between added and original
material is smoothed, and the design is downscaled to the
original resolution. As shown in Fig. 12, the image-based
post-processing not only improves the design visually but
also its mechanical performance.

In some cases, however, load introduction areas and/or
boundary conditions are disconnected from the structure in
the ANN prediction. For these cases, this image-based post-
processing is not successful.

4.4.2 Post-processing by local volume constraints

Given the computationally extremely expensive nature of
fail-safe topology optimizations, running a plain topology

optimization as a post-processing does not compromise the
computational gain of the approach. However, allowing a
topology optimization to redistribute all material without
considering fail-safety explicitly will provide a non-fail-safe
design, even if the prediction of the ANN is used as a start
vector. The idea is to mostly maintain the topology of the
prediction and achieve improved compliance by redistribut-
ing as little material as possible. To reach this objective, the
local volume constraint introduced by Wu et al. (2018) is
modified such that the current local volume ρr does not fall
below its initial value ρr ,init . Enforcing a local volume con-
straint for every element, as proposed by Wu et al. (2018),
would prevent any design changes once the global volume
fraction limit is reached, since any material redistribution
would immediately violate a constraint. Instead, the local
volume is constrained only within a limited number of non-
overlapping regions. This allows the optimizer to rearrange
material within these regions without violating the imposed
constraints. In general, these regions may be defined with
arbitrary shape and size. For the post-optimization of the
predicted fail-safe designs, square regions with dimensions
equal to the damage patch size used during data generation
were found to provide consistently good results. The con-
straint is given by:

ρ̄r ≥ ρ̄r ,init ∀ r = 1, ..., Nr (9)

with ρ̄r being the local volume in the neighborhood of all Nr

regions.
Instead of introducing a large number of constraints, the

maximum constraint violation is considered.

max

(
ρ̄r ,init

ρ̄r

)
≤ 1 (10)

To use gradient-based optimization, the maximum operator
is approximated using the general "p-like" aggregation func-
tion Ag proposed by Ambrozkiewicz (2022). The choice of
aggregation function and the corresponding parameters are
described in Appendix B. Using the modified local volume
constraint, the optimization problem becomes:

min
ρ

c

s.t . Ku = f

0 ≤ ρe ≤ 1 ∀ e = 1, ..., NE

max
r

(
ρ̄r ,init

ρ̄r

)
≤ 1 ∀ r = 1, ..., Nr

(11)

The example shown in Fig. 13 demonstrates how the pro-
posed post-processing approach substantially improves the
overall performance of the predicted design by establish-
ing connectivity to the supports and load application points,
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Fig. 13 Post-processing via
topology optimization using a
modified local volume
constraint

F
F

F
F

0 200 400 600 800 1000

Epoch

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

L
o
ss

Generator loss LG

Discriminator loss LD

Fig. 14 Training loss of generator and discriminator throughout train-
ing

while preserving structural redundancy. The computational
cost of running this post-process optimization is similar to
plain compliance minimization.

Since this approach allows forfixingboth thedisconnected
beams as well as disconnected load introduction areas, it is
used in the subsequent numerical examples.

5 Numerical results

The training of the cGAN was conducted on an RTX 5090
and took about 52h across all cross-validation folds. The gen-
erator loss LG and discriminator loss LD of cross-validation
fold 1 are illustrated in Fig. 14. Both the generator and the
discriminator improve rapidly during the early stages of train-
ing, until both models converge with some oscillation in the
later stages. Further training with a reduced learning rate did
not result in significant additional improvements.
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Fig. 15 Mean absolute error throughout training
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Fig. 16 Relative volume fraction error throughout training
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In addition, two metrics were tracked throughout training
for both the training and validation datasets. The mean abso-
lute error (MAE) between the predicted and ground-truth
fail-safe design, and the relative volume fraction error (VFE)
between the predicted and conditional non-fail-safe design.
These are shown in Figs. 15 and 16, respectively. Similar to
the loss terms, the MAE decreases rapidly in the early train-
ing stages, after which the rate of improvement diminishes.
No meaningful difference between training and validation
MAE is observed.Throughout training, theVFEexhibits pro-
nounced oscillations, particularly on the validation dataset.
As before, continued training does not lead to significant
improvement. The final values of the loss terms and eval-
uation metrics for all cross-validation folds are reported in
Appendix C.

The performance of the trained generator is evaluated
using the test dataset, which is the 10-th fold held out in
each cross-validation fold. The samples included in the test
dataset are created using the same boundary conditions and
volume fractions as for the training dataset. The test samples
are unseen for the trained Generator in terms of load config-
uration. To enable a fair comparison (Woldseth et al. 2022),
it is ensured that all designs consist only of pure material or
void elements.

The designs predicted on the test dataset are further opti-
mized using the modified local volume constraint presented
in Sect. 4.4.2. On average, the relative error in volume
fraction between the post-optimized prediction (ỹ) and the
ground truth explicit fail-safe design (y) is +1.17%.

5.1 Comparison with ground truth

In order to evaluate the structural performance of designs
originating from ANN and post-optimization ỹ, their worst-
case compliance Cwc is compared to the worst-case com-
pliance of the corresponding design obtained by explicit
consideration of fail-safety (ground truth y). For that, we
consider the ratio of the worst-case compliance for both the

patch-shaped failure cases (i.e. Cpatch
wc (y)

Cpatch
wc (ỹ)

) and the removal of

load paths as failure cases (i.e. Cpath
wc (y)

Cpath
wc (ỹ)

). If this ratio is equal

to one, then the fail-safety of the design suggested by the
ANN is as good as the ground truth. Only in very rare cases,
the predictions perform better than the ground truth. (This
would lead to a ratio greater than one and is set to one for the
graphs shown.)

Figure 17 (left) shows that, for most test cases, the ratio
is significantly smaller than one. The median compliance
increase of 85.32% indicates that the proposed method per-
forms substantially worse than the ground truth fail-safe
designs under the damage model used for training and refer-
ence generation. This represents an important limitation of

the current framework. Such behavior is to be expected, as
the ground truth designs are determined by explicit consid-
eration of failure patches, and even a small deviation from
the ideal topology can lead to a large increase in compliance.
When considering the path-based criterion, however, many
more designs reach the same fail-safety as the ground truth
(see Fig. 17 (right)).With respect to this criterion, themedian
compliance increase is 8.91%.

5.2 Comparison with non-fail-safe design

To quantify the improvement in damage tolerance achieved
by the post-optimized prediction ỹ relative to the conditional
non-fail-safe design x , the ratios of worst-case compliance

with respect to both criteria are evaluated (i.e. Cpatch
wc (ỹ)

Cpatch
wc (x)

and

Cpath
wc (ỹ)

Cpath
wc (x)

). A ratio close to zero indicates significant improve-

ment in damage tolerance, whereas ratios greater than one
indicate a degradation. In Fig. 18, the latter cases are high-
lighted by the red bins. Figure 18 shows that, for both
criteria and in the majority of cases, these ratios are close
to zero, demonstrating a significant improvement in damage
tolerance. The median compliance reduction is 96.02% and
96.05% with respect to the patch- and path-based criteria,
respectively.

Nevertheless, there remain samples for which the pro-
posed framework fails, and the post-optimized predictions
performworse than the non-fail-safe designs.With respect to
the patch-based criterion, 175 (3.55 %) samples are affected.
In most of these cases, the post-optimized designs lack
structural redundancy in critical regions, rendering them vul-
nerable to damage. Regarding the load-path-based criterion,
179 post-optimized predictions (3.65%) exhibit inferior per-
formance compared to the non-fail-safe designs. In addition,
247 ground truth designs (5.01 %) also perform worse than
the non-fail-safe designs with respect to this criterion. In
these instances, the non-fail-safe design displays unusually
high damage tolerance, while the fail-safe design performs
comparatively poorly. This behavior can be attributed either
to damage being applied closer to the load application point
than accounted for in the explicit optimization, or to the
complete removal of structural members located between
adjacent damage patches when damage is applied along
load paths (see Fig. 19). Among the post-optimized predic-
tions and ground truth designs that perform worse than the
non-fail-safe design with respect to the load-path-based cri-
terion, there is a substantial overlap of 98 samples. In these
overlapping cases, both designs often share the same worst-
case damage scenario, which is consistent with the model
being trained to approximate the ground truth designs. In the
remaining cases without overlap, the post-optimized predic-
tions typically lack sufficient structural redundancy in critical
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Fig. 17 Ratio of damage-patch-based (left) and load-path-based (right) worst case compliance between ground truth y and post-optimized prediction
ỹ on the test dataset
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Fig. 18 Ratio of damage-patch-based (left) and load-path-based (right)worst case compliance between post-optimized prediction ỹ and non-fail-safe
design x on the test dataset

regions and exhibit inferior undamaged performance com-
pared to the non-fail-safe design.

5.3 Comparison with implicit enforcement of
redundancy

In order to fully assess the performance of the designs
obtained via the proposed approach, the post-optimized pre-
dictions are additionally compared with designs created

via the computationally more affordable implicit enforce-
ment of redundancy discussed in Sect. 2.3. As noted above,
the implicit formulation requires substantial tuning of the
heuristic parameters to achieve satisfactory damage toler-
ance. Despite extensive efforts, no single parameter set could
be identified that performs well across all samples in the
test dataset. Consequently, implicit fail-safe designs (ȳ) are
created for only 44 test samples spanning boundary condi-
tions, volume fraction, resolutions, and load configurations.
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Fig. 19 Performance comparison of non-fail-safe design x , explicit
fail-safe design y, post-optimized prediction ỹ, where both y and ỹ per-
form worse than x with respect to the path-based criterion. Worst-case
damage-patch and load-path damage are highlighted by a red square and
circle, respectively. Adjacent damage patches that do not completely
eliminate the affected load path are highlighted in blue

Adjusting the radius and volume threshold of the local vol-
ume constraint, both the number of structural members and
the spacing between them can be controlled. These parame-
ters are tuned to achieve the best possible damage tolerance
with respect to both the patch-based and load-path-based cri-
teria.

Based on the limited number of samples, the damage tol-
erance achieved through the implicit formulation appears to
be highly sensitive to the problem setup, including bound-
ary conditions, design space, volume fraction, and loading
configuration. With Figs. 20, 21 and 22, three examples
are displayed. Compared are the non-fail-safe design x , the
explicit fail-safe design y (ground truth), the post-optimized
prediction ỹ generated from x , and the implicit fail-safe
design ȳ. Figure 20 shows that the implicit formulation
exhibits lower damage tolerance for low volume fractions
and design spaces with high aspect ratios. For design spaces
with small aspect ratios, exemplified by Fig. 21, the implicit
formulation can yield designs with strong damage toler-
ance. Although the implicit design generally performs worse
with respect to the patch-based criterion, it surpasses both ỹ
and y in several cases when evaluated using the load-path-
based criterion. Exemplified by Fig. 22, the results indicate
that the damage tolerance of the implicit design improves
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Fig. 20 Performance comparisonof non-fail-safe design x , explicit fail-
safe design y, post-optimized prediction ỹ, and implicit fail-safe design
ȳ for test sample 1. Worst-case damage-patch and load-path damage
are highlighted by a red square and circle, respectively

with increasing volume fraction. In the example shown, the
implicit design again outperforms both ỹ and y with respect
to the path-based criterion.

Across the 44 samples considered, the implicit formu-
lation generally outperforms the proposed approach with
respect to the path-based criterion, with a median 18.30%
lower compliance. In contrast, the implicit formulation does
not achieve comparable performance with respect to the
patch-based criterion, for which the proposed approach
achieves a median compliance that is 81.22% lower.

5.4 Evaluation of computational cost

The computational cost of the proposed approach comprises
12,417 non-fail-safe and explicit fail-safe topology optimiza-
tions with 150 and 300 iterations, respectively. Training the
cGAN framework required about 52h, excluding the addi-
tional runs performed for hyperparameter tuning.

To assess the computational benefit of the proposed
approach compared with the explicit formulation, the aver-
age component cost is determined with respect to the dataset.
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Fig. 21 Performance comparison of non-fail-safe design, explicit fail-
safe design, post-optimized prediction, and implicit fail-safe design for
test sample 2.Worst-case damage-patch and load-path damage are high-
lighted by a red square and circle, respectively

Table 1 Estimated average computing times on standardized hardware

Average computing time in hours

Tx 0.3293

Ty 5.1259 (23.0293 CPU-h)

Tŷ 0.00167

Tỹ 0.4391

Since the dataset was generated on different nodes of a
high-performance computing cluster with varying hardware
resources, the original computations involved inconsistent
levels of parallelization (12-32 CPU cores for the evaluation
of damage scenarios). For a consistent relative comparison,
the computing times are re-estimated on a single hardware
configuration (workstation running Ubuntu 22.04.5 LTS,
equipped with an AMD Ryzen 9 7950X processor with 16
physical cores, 32 threads, and 128 GB RAM), using 16
CPU cores for the parallel evaluation of damage scenarios.
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F F
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F F

Fig. 22 Performance comparison of non-fail-safe design, explicit fail-
safe design, post-optimized prediction, and implicit fail-safe design for
test sample 3.Worst-case damage-patch and load-path damage are high-
lighted by a red square and circle, respectively

Since all topology optimizations were carried out using fixed
iteration numbers, the computational cost is primarily gov-
erned by the problem size and the number of considered
load cases rather than convergence behavior. Accordingly,
for every combination of design domain size and number of
load cases included in the dataset, one representative run is
performed on the selected hardware. Using the frequency of
each configuration in the dataset, average computing times
are then computed. Table 1 summarizes the average comput-
ing times required to generate the non-fail-safe design Tx ,
the explicit fail-safe design Ty , the predicted fail-safe design
Tŷ , and obtain Tỹ via post-processing.

Once the generator is trained, a single application of the
proposed approach consists of three components: a plain
minimum-compliance topology optimization, evaluation of
the trained model, and a post-optimization step using the
modified local volume constraint. Thus, the average cost for
one evaluation of the framework, in hours, is given by:

Teval = Tx + Tŷ + Tỹ = 0.7701 h (12)
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Fig. 23 Performance comparison of non-fail-safe design, explicit fail-
safe design, post-optimized prediction, and implicit fail-safe design for
a test sample with boundary conditions and loads that were not rep-
resented in the training set. Worst-case damage-patch and load-path
damage are highlighted by a red square and circle, respectively

Based on the difference between Ty and Teval, the average
computational saving per evaluation is Tsaving = 4.3558 h,
corresponding to a reduction of 84.98% or a 6.66× speedup.
Obviously, the evaluations of the damage scenarios of the
explicit formulation are straightforward to parallelize. Con-
sequently, the computational gain per application of the
proposed approach strongly depends on the available hard-
ware. Moreover, a net computational benefit is only achieved
when the framework is applied sufficiently often for the accu-
mulated savings to offset the initial computational cost of data
generation andmodel training. This initial cost, Tinit, is given
by:

Tinit = Nsamples(Tx + Ty) + Ttrain = 67, 789.22 h (13)

where the total number of samples is Nsamples = 12, 417 and
the training time of the cGAN framework is Ttrain = 52 h.
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Fig. 24 Performance comparison of non-fail-safe design, explicit fail-
safe design, post-optimizedprediction, and implicit fail-safe design for a
test sample, for a test sample with boundary conditions, loads, a damage
size, and a patch increment that were not represented in the training set.
Worst-case damage-patch and load-path damage are highlighted by a
red square and circle, respectively

Based on the average saving per application, the break-even
point NBE , at which a net computational benefit is achieved,
is reached after

NBE = Tinit
Tsaving

= 15, 562.98 ≈ 15, 563 (14)

applications. If the efficiency of the explicit formulation
increases, e.g., through extensive parallelization (Herrero-
Pérez and Picó-Vicente 2024), while the efficiency of the
proposed approach remains unchanged, the break-even point
is further delayed until the per-application savings approach
zero.

Although the implicit formulation is computationally
inexpensive, with a per-iteration cost comparable to plain
compliance minimization, it generally requires more itera-

123



Fail-safe topology optimization… Page 17 of 21   162 

tions (1000 iterations were used to create the 44 test samples)
and therefore requires 64.92% more computing time on
average. While the implicit formulation performs well with
respect to the path-based criterion, its damage tolerance is
highly dependent on the problemsetup and anoptimal param-
eter configuration. Moreover, it generally does not match the
performance of the post-optimized predictions with respect
to the patch-based criterion.

The above considerations show that if a designer has the
task to derive a fail-safe structure, it is not beneficial to first
generate a dataset, then train a neural network, if it is only
used for a few structures. Now that our dataset is available,
using it with the presented framework may actually be an
alternative approach. Other researchers may come up with
a better architecture for the neural network or enhance our
data basis, which we strongly encourage.

5.5 Evaluation of versatility

To explore the versatility of the proposed approach, its per-
formance is additionally evaluated on a test sample that
deviates more strongly from the training dataset. The prob-
lem formulation includes an unseen design domain size
([Lx,Ly] = [180, 540] (Fig. 9)), unseen support conditions,
and four load cases of different magnitudes. The results
shown in Fig. 23 indicate that the proposed framework indeed
provides a redundant design; however, its performance mea-
sures are significantly worse than those of themajority of test
cases from the training set. While ỹ surpasses x in terms of
damage tolerance, it does not nearly reach the performance
of y with respect to the patch-based criterion.

To further investigate the versatility of the proposed frame-
work, a different patch-based damagemodeling is considered
for the evaluation of damage tolerance and the creation of the
explicit fail-safe design. In this case, a damage size of Lx

3 is
used, and the damage increment is set to half the damage
size. Figure 24 shows that while the obtained design still
looks redundant, its performance further deteriorates when
considering unseen damage-patch sizes and increments. This
behavior is expected, as the trainedmodel was not exposed to
varying damage sizes and does not have the ability to incor-
porate information about the desired damage size as an input.

As a result of the limited versatility of the proposed
approach, the range of problems towhich it can be effectively
applied is reduced, making the break-even point more diffi-
cult to reach in practice. To improve its versatility, the dataset
could be extended, for example, by incorporating additional
boundary conditions or damage patch sizes.

6 Conclusion

This paper introduces a novel framework for generating fail-
safe designs using Artificial Neural Networks, with the aim

of exploring the potential and limitations of ANN-based fail-
safe topology optimization. Within this framework, a design
obtained from plain minimum-compliance topology opti-
mization is converted into a fail-safe design using an ANN.
Given the current limitations of ANN-predicted topology-
optimized designs, a post-optimization step is proposed to
ensure structural connectivity without compromising dam-
age tolerance.

The numerical results allow the following conclusions

• The proposed approach consistently outperforms non-
fail-safe designs in terms of damage tolerance, exhibiting
median compliance reductions of 96.02% and 96.05%
with respect to the patch- and path-based criteria, respec-
tively.

• While reducing computational time by 84.98% on aver-
age compared with designs obtained using the explicit
formulation, the proposed approach performs signifi-
cantly worse with respect to the patch-based criterion,
showing a median compliance increase of 85.32%. For
the path-based criterion, more comparable performance
is achieved, with a median increase of 8.91%. These
results indicate that the framework is not suitable for
safety-critical applications without careful validation.

• Compared to designs obtained using a local volume
constraint, the new approach provides better results
for patch-shaped damages, exhibiting a median damage
compliance that is 81.22% lower. Given a trained ANN,
the computational cost of the new approach also remains
lower than that of the local volume constraint approach,
with an average computational saving of 64.92% for the
44 generated reference designs.

Depending on the available hardware, a single application
of the proposed framework is, on average 84.98% compu-
tationally less expensive than an explicit fail-safe topology
optimization. However, to reach a net benefit, the framework
needs to be applied an unrealistically large number of times to
offset the substantial cost of data generation and model train-
ing, a limitation further aggravated by its limited versatility.
Moreover, this break-even point is delayed as the efficiency
of the explicit formulation increases, assuming the efficiency
of the proposed framework remains unchanged.

Extending the proposed method to three-dimensional
problems is generally possible, but not straightforward. This,
however, also applies to the other discussed approaches to
obtain redundant design. The high computational cost of an
explicit consideration of failure patches becomes even higher
in 3D. This is not only a challenge for the application of this
approach itself, but also the training required for the approach
proposed in this paper. The local volume constraint can easily
be transferred to 3D. However, it does not necessarily lead to
a redundant design. Moreover, topology optimization in 3D
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does not provide the truss-like structures as it typically does
in 2D, which makes the definition of a load path less clear.
These aspects should be investigated in future work.

Lastly, we want to encourage researchers to extend and
use the dataset published along with this paper to implement
and test their own frameworks.

Appendix A Influence of convolutional
kernel parameters

As discussed in Sect. 4.2, the size and number of convolu-
tional kernels of the basemodel proposed byNie et al. (2021)
are adapted to better suit the presented framework. Due to
the reduced number of input channels, the total number of
convolutional kernels is decreased by reducing the number
of kernels in the first convolutional layer from 128 to 8. Sev-
eral configurations were evaluated. Table 2 compares 8 and
16 kernels in the first convolutional layer with respect to
the generator loss LG , discriminator loss LD , mean absolute
error (MAE) and volume fraction error (VFE). The results
indicate that a larger number of kernels leads to improved
training metrics. However, the ratio of damage-patch-based
worst-case compliance between ground truth (y) and post-

optimized prediction (ỹ) (i.e.C
patch
wc (y)

Cpatch
wc (ỹ)

), demonstrates that

these improvements do not translate into enhanced mechani-
cal performance. Using 8 kernels results in a median ratio of
0.54, whereas 16 kernels yield a lower median ratio of 0.46.
Moreover, the training time increases from 52 to 110h.

In response to the larger input size processed within the
presented framework, the kernel size of all convolutional lay-
ers is increased from3×3 to 9×9 to better capture long-range
spatial dependencies. Several sizeswere evaluated, with 9×9
yielding the best overall performance. The training metrics
reported in Table 3 indicate that the larger input size benefits
from the use of larger convolutional kernels.

Appendix B Aggregation for modified local
volume constraint

To employ the modified local volume fraction constraint,
introduced inSect. 4.4.2,within gradient-based optimization,
the non-differentiable maximum operator must be approxi-
mated by a smooth aggregation function. Popular choices
include the p-norm (Apn) and the p-mean (Apm) aggrega-
tion function. Their accuracy depends on the distribution of
the aggregated values. Apn is exact when the input consists
of the maximum value and all remaining entries are zero,
whereas Apm yields the exact maximum when all entries are
equal to the maximum value. Consequently, Apn and Apm

are more accurate for extremely negatively and positively
skewed distributions, respectively.

The proposed modified local volume constraint enforces
ρ̄r ,init

ρ̄r
≤ 1. Since little to no material can be added glob-

ally, the resulting distribution is highly skewed towards 1. In
this case, Apm provides very accurate approximations even
for small values of p. However, Apm slightly underestimates
the true maximum and is therefore not conservative. Using
Apm would thus introduce excessive design freedom and
compromise structural redundancy. Ambrozkiewicz (2022)
introduced a general "p-like" aggregation function,

Ag(τ ) =
(

α

nt∑

i=1

τ
p
i

) 1
p

, τi ≥ 0, α ∈
[
1

nt
, 1

]
, (B1)

where the correction factor α interpolates between Apm

(lower bound) and Apn (upper bound) and τ is an input vec-
tor with nt entries. For skewed distributions, the following
correction factor was proposed:

α = pq + 1

nt
, (B2)

where q adjusts the aggregation for negatively (q ≥ 1) and
positively (q ≤ 1) skewed distributions.

For the post-processing of the designs predicted by the
presented model, q = 1

8 is selected. Although this configu-
ration is slightly less accurate than Apm , it overestimates the
true maximum and therefore provides the desired conser-
vatism, ensuring structural redundancy is not compromised.
The resulting modified local volume constraint and its sen-
sitivities are given by

g(ρ) =
(
pq + 1

Nr

Nr∑

i=1

(
ρ̄r ,init

ρ̄r

)p
) 1

p

− 1 ≤ 0 (B3)
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Table 2 Training results for base convolutional kernel numbers of 8 and 16

Number LG LD MAE training MAE validation VFE training (%) VFE validation (%)

8 0.0943 0.4257 0.0427 0.0449 1.10 1.72

16 0.0397 0.4065 0.0397 0.0425 0.89 0.85

Table 3 Training results for convolutional kernel sizes of 3 × 3 and 9 × 9

Size LG LD MAE training MAE validation VFE training (%) VFE validation (%)

3 × 3 0.1433 0.4112 0.0796 0.0804 1.45 1.41

9 × 9 0.0943 0.4257 0.0427 0.0449 1.10 1.72

Table 4 Loss and evaluation metric values of all cross-validation folds

Fold LG LD MAE training MAE validation VFE training (%) VFE validation (%)

1 0.0943 0.4257 0.0427 0.0449 1.10 1.72

2 0.1007 0.4206 0.0472 0.0481 1.14 1.33

3 0.0892 0.4056 0.0409 0.0437 0.80 0.79

4 0.1101 0.4498 0.0472 0.0482 2.37 1.15

5 0.1047 0.4343 0.0480 0.0487 1.53 1.08

6 0.1067 0.4221 0.0515 0.0514 1.26 0.86

7 0.1047 0.4431 0.0496 0.0500 1.31 1.01

8 0.1014 0.4905 0.0412 0.0455 2.42 5.39

9 0.1079 0.4091 0.0535 0.0529 1.13 1.15

AVG 0.1022 0.4334 0.0469 0.0482 1.45 1.61

STD 0.0067 0.0258 0.0045 0.0030 0.57 1.44

CV 0.0658 0.0596 0.0953 0.0633 0.3923 0.8974

and

∂g

∂ρ̄r
= − ρ̄

p
r ,init(pq + 1)

ρ̄
p+1
r Nr

(
pq + 1

Nr

Nr∑

r=1

(
ρ̄r ,init

ρ̄r

)p
) 1

p −1

(B4)

Appendix C Training results of all
cross-validation folds

To ensure that the training results are not dependent on
a specific data distribution, a cross-validation procedure is
employed. The dataset is divided into 10 equally sized sub-
sets. One subset is reserved as a fixed test set, while the
remaining nine subsets are used for 9-fold cross-validation.
In each fold, eight subsets are used for training and one for
validation. In Sect. 5, the training progress with respect to
the generator loss LG , discriminator loss LD , mean absolute
error (MAE), and volume fraction error (VFE) is discussed in
detail for the cross-validation fold 1. Table 4 reports the final
loss and evaluationmetric values for all folds. In addition, the

average (AVG), standard deviation (STD), and coefficient of
variation (CV) are provided. The CV values indicate that the
results are relatively stable across the different folds.
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