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Abstract
In the automotive industry, solving crashworthiness optimization problems efficiently is crucial to minimize time and cost 
investment on expensive function evaluations, e.g., using simulation runs. Nonetheless, automotive crashworthiness opti-
mization is time-consuming and challenging even with domain knowledge, due to the fact that crash problems are typically 
high-dimensional, nonlinear, and discontinuous. In this work, we propose an automated hyperparameter optimization (HPO) 
approach for expensive black-box optimization (BBO) problems that can assist practitioners to solve automotive crash prob-
lems efficiently using optimally configured optimization algorithms. Precisely, the landscape characteristics of BBO prob-
lems, e.g., quantified using exploratory landscape analysis (ELA), are analyzed to identify cheap-to-evaluate representative 
functions that belong to the same optimization problem class. Based on these representative functions, algorithm configura-
tions can be optimally fine-tuned at a relatively low computational cost. Using three optimization algorithms, consisting of 
modular covariance matrix adaptation evolutionary strategy (CMA-ES), modular differential evolution (DE), and Bayesian 
optimization (BO), we evaluate the potential of our approach based on the black-box optimization benchmarking (BBOB) 
suite and an automotive side crash problem. Since the optimal configurations identified using our approach can perform well 
on most of the BBOB functions, we believe that our approach can generalize well to BBO problems with similar optimization 
complexity. For the automotive side crash problem, the BO configuration fine-tuned using our approach can outperform the 
default BO configuration as well as the conventional response surface method (RSM), in terms of the best-found-solution 
and convergence speed. Furthermore, better solutions can be identified using the proposed approach compared to succes-
sive RSM (SRSM), when dealing with complex crash functions and a limited function evaluation budget. With appropriate 
extensions, we are confident that our approach can be applied to other real-world expensive BBO domains beyond automo-
tive crashworthiness optimization.

Keywords  Black-box optimization · Hyperparameter optimization · Representative functions · Bayesian optimization · 
Exploratory landscape analysis · Automotive crashworthiness

1  Introduction

Generally, black-box optimization (BBO) belongs to 
a group of optimization problems, where an analytic 
form is not available, derivative information is lack-
ing, and numerical approximation of the derivatives is 
costly (Audet and Hare 2017). In real-world engineering 
domains, such as crashworthiness optimization  (Long 
et al. 2022) and control system calibration  (Thomaser 
et al. 2022) in the automotive industry, BBO problems 
oftentimes require expensive function evaluations. Solv-
ing automotive crashworthiness optimization problems is 
often tremendously challenging and tedious, due to the fact 
that crash problems are strongly nonlinear, discontinuous, 
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and high-dimensional as well as the function evaluations 
are costly and/or time-consuming, e.g., requiring finite ele-
ment (FE) simulation runs. For instance, an automotive 
crash problem can be typically defined as minimization of 
vehicle weight, and thus, manufacturing costs, while ful-
filling the increasingly stricter regulations on road safety, 
e.g., passengers must be sufficiently protected in the event 
of a crash (Duddeck 2008). On top of that, vehicle design 
for battery electric vehicle (BEV) is more sophisticated, 
where vehicle battery must be additionally protected from 
serious damage during impact due to safety reasons.

Classically, automotive crash problems are solved using 
a one-shot optimization approach, where simply the best 
sample of a design of experiments (DoE) is considered as 
the optimization solution (Bossek et al. 2020). The main 
advantage of this approach is that multiple DoE samples can 
be evaluated in parallel using FE simulation runs. Later on, 
the so-called response surface method (RSM) has gained 
popularity in the automotive industry, where response sur-
faces, such as polynomial function, radial basis function 
(RBF), and Gaussian process (GP) models, are constructed 
based on some DoE samples to approximate the true crash 
problems (Fang et al. 2017). Following this, solutions bet-
ter than the best DoE sample or the global optimum can be 
predicted using these models. Despite substantial work has 
been invested (Stander et al. 2004; Fang et al. 2005; Pan 
and Zhu 2011), RSM is still ineffective for complex crash 
problems due to poor model fitting quality.

Based on RSM, the successive response surface method 
(SRSM) was introduced to sequentially re-sample within 
a subspace of the design space (Kok and Stander 1999). 
Principally, a subspace is defined within the design space, 
which can successively shrink and move toward regions with 
better solutions. In each iteration, a new response surface 
is constructed to approximate the true function within the 
subspace, similar to RSM. While SRSM has demonstrated 
potential in solving automotive crash problems (Kurtaran 
et al. 2002), its application in practice is still rather limited, 
e.g., due to the poorly fitted response surfaces, expensive 
computational cost using iterative re-sampling, and difficulty 
to transfer information between iterations (Fang et al. 2017).

On the other hand, multi-fidelity optimization (Kaps et al. 
2022) and model order reduction (Czech et al. 2022) are 
other active research directions for crashworthiness optimi-
zation. Basically, the aim is to solve an optimization problem 
at a reduced cost by utilizing low-fidelity models that have a 
good balance between modeling accuracy and computational 
resources. Nonetheless, an application of these techniques 
for complex automotive crash problems can be particularly 
limited, e.g., due to low model accuracy similar to RSM. 
Subsequently, we focus on exploring alternatives that can 
effectively solve BBO problems from the perspective of fine-
tuning algorithm configuration.

While population-based evolutionary algorithms (EA) are 
powerful in solving BBO problems, e.g., covariance matrix 
adaptation evolutionary strategy (CMA-ES) (Hansen and 
Ostermeier 1996) and differential evolution (DE) (Storn 
and Price 1997), a large function evaluation budget is usu-
ally required for optimization convergence. Consequently, 
they are less practical for expensive automotive crash prob-
lems (Yildiz and Solanki 2012). In the meanwhile, progres-
sive developments have been attempted to overcome the 
limitation of EA in expensive BBO domains (Li et al. 2022).

On the other hand, Bayesian optimization (BO) (Mockus 
1982), also known as efficient global optimization 
(EGO) (Jones et al. 1998), has shown promising potential 
in solving automotive crash problems (Hamza and Shalaby 
2014; Sun et al. 2020). In brief, BO is an iterative opti-
mization algorithm specifically designed for expensive 
BBO problems with a limited evaluation budget, which 
explores and searches for better solutions through re-sam-
pling promising regions within the search space. Over the 
years, different variants of BO have been introduced, such 
as mixed-integer parallel EGO (MiP-EGO) (van Stein et al. 
2019), principal component analysis (PCA) assisted BO 
(PCA-BO) (Raponi et al. 2020), kernel PCA assisted BO 
(KPCA-BO) (Antonov et al. 2022), and trust region BO 
(TuRBO) (Eriksson et al. 2019). A comprehensive analysis 
of these BO variants is available in Santoni et al. (2023).

Since the performance of aforementioned BBO algo-
rithms is highly dependent on their hyperparameter settings, 
an optimal configuration is necessary for the best perfor-
mance w.r.t. the allocated time and computational resources, 
which is commonly known as hyperparameter optimization 
(HPO). Nevertheless, this is challenging for practitioners 
with limited experience in HPO. Furthermore, existing 
HPO approaches usually demand a considerable function 
evaluation budget, and thus, are less practical for real-world 
expensive BBO problems. To the best of our knowledge, 
research about this topic is still lacking. As an effort in filling 
the gap, an idea toward automated HPO based on cheap-to-
evaluate representative functions as surrogates of expensive 
BBO problems was recently proposed in Long et al. (2022, 
2024). Inspired by this work, we are motivated to further 
investigate the potential of the proposed HPO approach for 
automotive crashworthiness optimization.

1.1 � Our contributions

We propose an automated approach to optimally fine-tune 
optimization algorithms for BBO problems with expensive 
function evaluations. In brief, the optimization landscape 
of a BBO problem is analyzed using exploratory landscape 
analysis (ELA) to identify cheap-to-evaluate representative 
functions that belong to the same optimization problem 
class. Similar to prior predictive check (Gabry et al. 2019), 
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these representative functions can then be exploited to fine-
tune algorithm configurations specifically for this BBO 
problem through HPO. Subsequently, optimal configurations 
can be identified at a significantly reduced computational 
cost compared to optimization runs on the BBO problem 
using expensive function evaluations.

Focusing on three state-of-the-art BBO algorithms, 
namely CMA-ES, DE, and BO, our results show that our 
approach has promising potential in identifying optimal 
configurations for the black-box optimization benchmark-
ing (BBOB) functions, outperforming the readily available 
default configuration. When applied to an automotive side 
crash problem using two load cases, the optimal configu-
rations identified using our approach are superior than the 
default configuration as well as the widely used RSM w.r.t. 
the best-found optimization solutions and convergence 
speed.

Ultimately, our goal is to assist practitioners in automati-
cally and optimally fine-tuning optimization algorithms 
for their applications, and thereby, potentially accelerat-
ing development projects and/or lowering production cost. 
Beyond automotive crashworthiness optimization, our 
approach is designed to be applicable in other expensive 
BBO domains with adaptations.

This article has the following structure: We summarize 
related works in Sect. 2, our methodology in Sect. 3, and 
experimental setup in Sect. 4. This is followed by results and 
discussion in Sect. 5. Lastly, conclusions and future works 
are provided in Sect. 6.

2 � Related work

Our approach is developed based on the findings in Long 
et al. (2022, 2024), namely (i) there exists a set of randomly 
generated functions (RGF) that belong to the same optimiza-
tion problem class as automotive crashworthiness optimiza-
tion, and (ii) these RGF are indeed informative in estimating 
the actual performance of different algorithm configura-
tions on BBO problems. In short, we mainly improve their 
approach in the following extensions: 

1.	 A selection process is integrated to identify RGF that 
are appropriate as representative functions for HPO pur-
poses to identify optimal configurations;

2.	 Instead of considering only a limited set of configura-
tions using a grid search approach, we employ optimiz-
ers for HPO to facilitate an automated exploration of the 
hyperparameter search space in searching for optimal 
configurations;

3.	 For a reliable identification of optimal configurations, 
two sets of representative functions are considered for 

HPO, similarly to the train-test split in a machine learn-
ing (ML) context; and

4.	 Moreover, on top of the BBOB suite, our approach is 
additionally evaluated based on an automotive side crash 
using two load cases.

2.1 � Hyperparameter optimization

Due to the fact that heuristics optimization algorithms are 
sensitive to their hyperparameters, HPO plays a decisive role 
to achieve optimal performance. Correspondingly, different 
HPO approaches have been proposed, such as tree-structured 
Parzen estimator (TPE) (Bergstra et al. 2011) and sequen-
tial model-based algorithm configuration (SMAC) (Lin-
dauer et al. 2022a), which can handle mixed-integer search 
space, consisting of continuous, discrete, categorical, and/
or conditional variables. While having a similar framework 
as standard BO, instead of using GP models to approximate 
the search space, Parzen estimators are employed in TPE and 
random forest (RF) models in SMAC. For instance, Zhao 
and Li (2018) investigated the fine-tuning of three learning 
rates of CMA-ES using TPE on the BBOB suite.

2.2 � Black‑box optimization benchmarking suite

To fairly evaluate the performance of optimizers developed 
for HPO or BBO in general, the BBOB suite is one of the 
most utilized benchmark set (Hansen et al. 2010). Proposed 
by Hansen et al. (2009), the BBOB suite consists of alto-
gether 24 single-objective, noiseless, and continuous func-
tions, which we refer to as the BBOB in this work. To facili-
tate the benchmarking of different optimization algorithms, 
the BBOB suite has been integrated into the comparing con-
tinuous optimizers (COCO) platform (Hansen et al. 2021) 
and iterative optimization heuristics profiler tool (IOHPro-
filer) (Doerr et al. 2018).

Commonly, investigations based on the BBOB functions 
focus on the search space [−5, 5]d with the global optimum 
located inside [−4, 4]d , where d represents the problem 
dimensionality. Not only being scalable to arbitrary dimen-
sionality, the BBOB functions are beneficial in that different 
instances can be generated via transformations of the search 
space and objective values, which are controlled by an inter-
nal identifier. Detailed analysis of the BBOB instances is 
available in Long et al. (2023b).

2.3 � Randomly generated functions

Apart from the carefully designed BBOB functions with 
known properties, Tian et al. (2020) introduced a func-
tion generator that can create tree-based RGF of various 
optimization complexity. Principally, a tree-structured 
function expression is constructed by combining a set 
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of mathematical operands and operators, which are ran-
domly selected from a pre-defined pool using a selection 
probability.

In fact, it has been shown that RGF have a higher diver-
sity in terms of optimization complexity compared to the 
BBOB functions (Škvorc et al. 2021a). Nevertheless, unlike 
the well-understood BBOB functions, the properties of RGF 
are not known, such as the global optimum and function 
complexity. Subsequently, an extension has been recently 
attempted on this function generator, that is using genetic 
programming to guide the function generation toward spe-
cific optimization complexity (Long et al. 2023a).

2.4 � Exploratory landscape analysis

In this work, the optimization complexity of BBO problems 
is captured using ELA, one of the popular tools developed 
for fitness landscape analysis to better understand the effec-
tiveness and behavior of optimization algorithms (Malan 
2021). Basically, ELA was proposed to numerically quantify 
the high-level properties of continuous optimization prob-
lems, e.g., multi-modality, global structure, and separabil-
ity, based on six classes of low-level features, consisting 
of y-distribution, level sets, meta-models, local searches, 
curvature, and convexity (Mersmann et al. 2010, 2011). 
Since then, additional feature classes have been introduced 
to complement these fundamental features, namely disper-
sion, nearest better clustering (NBC), PCA, linear model, 
and information content of fitness sequences (ICoFiS) (Ker-
schke and Trautmann 2019b; Kerschke et al. 2015; Lunacek 
and Whitley 2006; Muñoz et al. 2015a).

For ELA features computation, some DoE samples 
X = {x1,⋯ , xn} and the corresponding objective values 
Y = {y1,⋯ , yn} computed using an objective function f, i.e., 
f ∶ X → Y , are required as input, where xi ∈ ℝ

d , yi ∈ ℝ , 
and n represents the DoE sample size. Following this, ELA 
features are dependent on the DoE sample size, sampling 
strategy, and dimensionality (Renau et al. 2019; Škvorc et al. 
2021b; Muñoz et al. 2022). To overcome potential bias in the 
hand-crafted ELA features, van Stein et al. (2023) proposed 

to characterize BBO problems based on latent space features 
captured using deep neural networks (NN), which is beyond 
the scope of this work.

In fact, ELA features are indeed informative in estimating 
the performance of optimization algorithms in the so-called 
landscape-aware algorithm selection approach (Kerschke 
and Trautmann 2019a; van Stein et al. 2024). Principally, by 
training predictive models, e.g., using ML, the performance 
of different algorithm configurations for BBO problems can 
be estimated based on their ELA features (Benjamins et al. 
2022). We refer to Muñoz et al. (2015b); Kerschke et al. 
(2019) for further information.

3 � Methodology

The workflow of our approach is implemented partially 
based on Long et al. (2024) and visualized in Fig. 1, con-
sisting of three main steps, namely (Step 1) identifying RGF 
that are appropriate as representative functions for HPO pur-
poses, (Step 2) searching for optimal configurations through 
HPO using the cheap-to-evaluate representative functions, 
and (Step 3) applying optimal configurations identified to 
solve BBO problems using expensive function evaluations. 
In brief, optimal configurations that are identified based on 
some representative functions can be applied for solving an 
expensive BBO problem instance. Essentially, the HPO in 
Step 2 is first executed to identify optimal configurations 
using representative functions. Once completed, the optimal 
configurations are applied and kept unchanged throughout 
the actual optimization runs using expensive function evalu-
ations in Step 3.

Notably, the same optimization setup required for actual 
optimization runs on BBO problems (Step 3) is defined 
for HPO (Step 2), e.g., using the same function evaluation 
budget and performance metric. Thus, the configurations 
identified are optimal specifically for this BBO problem and 
optimization setup. For a different setup or BBO problem 
classes, optimal configurations must be newly identified by 
re-running the pipeline.

BBO 
problem 
instance

Optimal
solution

Generation 
of RGF

DoE 
samples

Identification of
appropriate

 representative
functions

HPO
(train-test split

using RGF)

Optimal 
configurations

Optimization run
(BBO problem)

ELA features
(BBO problem)

ELA features
(RGF)

Step 1 Step 2 Step 3

Fig. 1   An overview of the automated HPO pipeline proposed for 
expensive BBO problems, which can identify optimal configurations 
to solve a BBO problem instance efficiently w.r.t. time and compu-
tational resources. This is achieved by utilizing HPO based on some 

cheap-to-evaluate representative functions, e.g., RGF with similar 
optimization complexity as the BBO problem in terms of ELA fea-
tures
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Throughout this work, we refer to a configuration as a set 
of hyperparameter settings. Each aspect of the pipeline is 
described in detail in the following.

BBO problem instance
Firstly, a set of DoE samples of a BBO problem instance is 
required as input for our pipeline.

Generation of RGF
Secondly, a large set of RGF is generated and evaluated 
using the same DoE samples. For the function generation, 
we employ the function generator implemented in Long 
et al. (2024).

Computation of ELA features
Next, the ELA features of BBO problem instance and RGF 
are separately computed, where the objective values are 
beforehand normalized using min-max scaling to combat 
potential inherent bias in ELA features computation (Prager 
and Trautmann 2023a). To improve the applicability of our 
approach for expensive BBO problems, we consider only 
ELA features that can be computed using a DoE without 
requiring additional function evaluations, as summarized in 
Table 1. In cases where a feature computation fails, e.g., the 
DoE sample size is too small for level sets or linear model 
features, such feature is skipped. Due to the fact that some of 
the ELA features are redundant (Renau et al. 2019), highly 
correlated ELA features according to Pearson’s correlation 
coefficient ( > 0.95 ) are discarded.

Identification of representative functions
The similarity between BBO problem instance and RGF is 
measured based on the differences in ELA features quanti-
fied using Euclidean distance. Using an equal weighting of 
all ELA features, the Euclidean distance is computed based 
on standardized ELA features, i.e., removal of mean and 
scaling to unit variance. Accordingly, we can rank the RGF, 
where RGF having the smallest difference is considered as 
the most similar function.

Nevertheless, before the RGF can be considered as rep-
resentative functions for HPO purposes, two challenges 
must be overcome, namely (i) the properties of RGF are 
not known a priori, e.g., the global optimum, and (ii) some 
RGF are insufficiently discriminative in distinguishing dif-
ferent configurations. For a clear explanation, we show the 
HPO results on three chosen RGF in Fig. 2. Generally, we 
consider functions similar to RGF1 appropriate for HPO 
purposes, where a clear ranking of configurations is possible 
with only a few ties and optimal configurations can be eas-
ily identified. On the other hand, RGF2 shows an extreme 
situation, where too many or all configurations are equally 
competitive in finding the same solution, leading to an 
ambiguous configuration ranking and difficulty in selecting 

optimal configurations. We suspect that such RGF have a 
low optimization complexity and consider them as incompe-
tent for HPO purposes. It is worth noting that two RGF can 
exhibit completely opposite patterns in HPO results, despite 
having small differences in ELA features, which remains an 
open question for future work. Furthermore, to improve the 
reliability of HPO, we exclude functions similar to RGF3, 
where the best solution found is an extreme outlier that can 
only be occasionally found.

Consequently, the following steps are implemented to iden-
tify RGF that are appropriate as representative functions for 
HPO purposes. 

1.	 The global optimum of RGF is estimated in a brute-
forcing fashion, that is, by applying HPO using TPE 
and modular CMA-ES on each RGF. In such way, the 
global optimum yopt of RGF is computed based on the 
best solution found during the HPO yhpo using Eq. 1. 

Table 1   In this work, the optimization complexity of BBO problems 
is quantified using the following 53 ELA features

Feature class ELA feature

y-distribution skewness

(3 features) kurtosis

number_of_peaks

Level set mmce_lda_{10,25,50}

(9 features) mmce_qda_{10,25,50}

lda_qda_{10,25,50}

Meta-model lin_simple.{adj_r2,intercept}

(9 features) lin_simple.coef.{min,max,max_
by_min}

lin_w_interact.adj_r2

quad_simple.{adj_r2,cond}

quad_w_interact.adj_r2

Dispersion ratio_mean_{02,05,10,25}

(16 features) ratio_median_{02,05,10,25}

diff_mean_{02,05,10,25}

diff_median_{02,05,10,25}

NBC nn_nb.{sd_ratio,mean_
ratio,cor}(5 features)

dist_ratio.coeff_var

nb._fitness.cor

Linear model avg_length.{reg,norm}

(4 features) length.mean

ratio.mean

PCA expl_var_PC1.{cov_init,cor_
init}(2 features)

ICoFiS h.max

(5 features) eps.{s,max,ratio}

m0
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 where yhpo is either rounded to the nearest lower integer 
for a small |||yhpo

||| , or rounded based on the nearest lower 
power of 10. Having an estimated global optimum of 
RGF is crucial in our approach to facilitate an evaluation 
and comparison of configurations between different rep-
resentative functions with varying scale ranges. The 
detailed setup of HPO is described in Sect. 4.

2.	 To determine the ambiguity of configuration ranking, all 
configurations evaluated in the HPO are ranked accord-
ing to their performances, and compared against a strict 
ranking (without tie). Based on Kendall rank correlation 
coefficient, a configuration with a correlation lower than 
0.9, e.g., due to too many ties, is considered as ambigu-
ous.

3.	 Moreover, the global optimum is considered as an out-
lier, if it is greater than 3 standard deviations away from 
the mean distribution of HPO results based on the stand-
ard score or z-score.

4.	 If any of these conditions (point 2 or 3) is fulfilled, such 
RGF is considered inappropriate for HPO purposes and 
eliminated.

HPO with training–testing split
To enhance the generalization of optimal configurations 

identified across a particular optimization problem class, 
which is similar to the over-fitting problem in ML, several 
representative functions are considered for HPO.

Precisely, the representative functions are split into two 
groups of training and testing functions for HPO. During 

(1)
yopt =

⎧
⎪⎨⎪⎩

�
yhpo

�
, if 0 ≤

���yhpo
��� < 10�

yhpo∕10
�
⋅ 10, if 10 ≤

���yhpo
��� < 100�

yhpo∕10
p
�
⋅ 10p, otherwise

,

p =
�
log10

���yhpo
���
�
− 1,

HPO, the mean performance of each configuration is 
evaluated using all training functions, where the objec-
tive values of different training functions are min-max 
normalized according to their global optimum and worst 
DoE samples. Afterward, several top-performing configu-
rations are re-evaluated using the testing functions, where 
the re-evaluated configurations will be ranked according 
to their performance to identify optimal configurations for 
the problem class.

In this work, the top 10% configurations on the train-
ing functions identified using HPO are re-evaluated on the 
testing functions and ranked according to their new perfor-
mances. While an ideal ratio of training–testing functions 
remains to be investigated, two training functions and one 
testing function are considered in this work, which can 
perform well on average in our preliminary testing.

Optimization run
Lastly, optimal configurations or the best configura-

tion identified can be applied to solve the BBO problem 
instance.

Despite additional computational resources are needed 
for the HPO in our approach, we argue that (i) the optimal 
configurations identified can improve the efficiency in solv-
ing BBO problems and (ii) the overall HPO cost is relatively 
minor compared to the actual optimization runs on BBO 
problems. A brief comparison of the function evaluations 
between HPO and solving an expensive BBO problem is 
provided in Table 2, using automotive crash optimization as 
a representative example. In short, for the identification of 
optimal configurations (Step 1 to Step 3 in Fig. 1), the over-
all computational cost is insignificant compared to the crash 
optimization. Moreover, by re-using the same representative 
functions and optimal configurations identified, these steps 
can be potentially skipped for future BBO problems from 
the same problem classes. In this regards, a detailed run time 
analysis is planned for future work.

Fig. 2   The HPO results for three chosen RGF, showing the optimiza-
tion convergence curves of altogether 500 configurations. Each curve 
represents the optimization convergence of a modular CMA-ES con-
figuration (median over 20 repetitions). The function evaluation is 
shown on the x-axis and the re-scaled objective value on the y-axis, 
with 0 being the best solution found in all runs. A smaller objective 

value is better. (Left) A clear configuration ranking, where optimal 
configurations can be identified. (Middle) An ambiguous configura-
tion ranking, where all configurations are equally competitive. (Right) 
The best solution found during HPO is an outlier that can only be 
occasionally found
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4 � Experimental setup

For a comprehensive assessment, the performance of our 
approach is evaluated based on the BBOB suite and an auto-
motive side crash as a representative real-world expensive 
BBO problem.

4.1 � BBOB functions

Generally, the experimental setup for the BBOB functions 
can be summarized as follows.

•	 24 BBOB functions of the first instance in 20d, which is 
a typical problem dimensionality for automotive crash 
optimization.

•	 Representative functions are selected from a large set of 
10 000 RGF.

•	 The ELA features summarized in Table 1 are computed 
using pflacco (Prager and Trautmann 2023b) based 
on a DoE of 20 ⋅ d samples and Sobol’ sampling strat-
egy (Sobol’ 1967), as suggested in Renau et al. (2020).

•	 Focusing on fine-tuning the configurations of modular 
CMA-ES (de Nobel et al. 2021), modular DE (Vermetten 
et al. 2023), and three BO variants, consisting of vanilla 
BO (or simply BO), TuRBO-1, and TuRBO-m.

•	 For modular CMA-ES and DE, each configuration is allo-
cated with 100 ⋅ d evaluations and 20 repetitions, while a 
smaller budget of 250 evaluations for BO variants, as the 
time-complexity of training GP models increases expo-
nentially with sample size.

•	 For modular CMA-ES and DE, TPE available in Hyper-
Opt (Bergstra et al. 2013) and SMAC (Lindauer et al. 
2022b) are employed for HPO, with a budget of 500 con-
figuration evaluations. On the other side, only TPE and 
50 evaluations are utilized for BO variants due to the 
smaller hyperparameter search space (refer to Sect. 4.3).

•	 For modular CMA-ES and DE, our approach is com-
pared against the default configuration, single best solver 
(SBS), and virtual best solver (VBS), as introduced in 
Sect. 4.4. On the other hand, we compare only against 

the default configuration for BO variants, since they are 
computationally intensive.

4.2 � Automotive side crash

In this work, we focus on a side crash scenario as a rep-
resentative automotive crash problem, as shown in Fig. 3. 
Using a FE submodel developed based on state-of-the-art 
modeling of BEV, the vehicle is impacted from the sideways 
against a rigid pole at a speed of 32 km/h and at a small 
angle, following the guidelines regulated by the European 
New Car Assessment Program (Euro NCAP 2023). Alto-
gether two load cases are investigated, which are described 
further in Sect. 4.2.1 and Sect. 4.2.2. In this work, our crash 
problems are defined as unconstrained single-objective opti-
mization problems, which requires further investigations and 
improvements in the future (Sect. 6).

Each FE simulation is terminated after 50 ms and requires 
a computation time of roughly 6 minutes using the explicit 
solver LS-DYNA (Livermore Software Technology Corpo-
ration 2019) in its MPP version distributed across 64 CPU 
cores in high-performance computing clusters. Altogether, 
the FE submodel consists of 95 000 elements. Regarding the 
design variables, our main focus is to optimize 18 thick-
nesses of rocker panels (made of aluminum alloys) and sup-
porting beams (made of high-strength steels).

Generally, the mass m and structural performance of vehi-
cle design are two crucial objectives in automotive crash 
optimization. For the side crash problem investigated, the 
structural performance is represented by the maximum struc-
tural deformation toward the battery compartment, which 
we call intrusion u. Since both objectives are conflicting, 
e.g., minimizing the mass though a reduction in thicknesses 
usually leads to a weaker performance and larger intrusion, 
finding an acceptable trade-off is challenging. For the crash 
optimization, we focus on vanilla BO due to its superior 
performance in our preliminary tests, and compare it against 
the default configuration and RSM (refer to Sect. 4.4). For 
reference, the vehicle design located at the center of design 
space has a total component mass of 32.4 kg.

Table 2   A rough estimation of 
the computational cost required 
for the HPO in our approach 
and a typical crashworthiness 
optimization problem in the 
automotive industry. Depending 
on the problem definition 
and optimization setup, 
the computational cost can 
be different for other BBO 
problems

Estimation Hyperparameter optimization Automotive crash optimization

Function evaluation Representative function FE simulation
Cost per function evaluation Cheap: Within seconds Expensive: > 24 hours

(using 1 CPU core) (using 192 CPU cores)
Total wall clock time A few hours Several days / weeks



	 F. X. Long et al.68  Page 8 of 19

4.2.1 � Load case A—Single‑pole impact

In the first load case or single pole impact, the vehicle is 
impacted against the rigid pole at position P1 (refer to 
Fig. 3), using the optimization objective fopt defined in Eq. 2.

where m′ and u′ are the min-max normalized mass and intru-
sion based on the minimum and maximum of DoE. Using a 
similar setup as for the BBOB functions, we consider a DoE 
of fixed 400 samples for the ELA features computation and 
optimization, 30 re-samplings using FE simulations, and five 
optimization repetitions.

4.2.2 � Load case B—Multi‑pole impact

In real-world situation, a side impact can occur at any 
position alongside the vehicle body, which is difficult to 
be precisely pinpointed. Following this, vehicle design is 
often optimized w.r.t. multiple pole impacts, or multi-pole 
impact, aiming to identify a robust design for all impact 
scenarios considered. Subsequently, solving a multi-pole 

(2)

minfopt = m� + u�,

m� =
m − mmin

mmax − mmin

,

u� =
u − umin

umax − umin
,

crash problem is challenging, because the structural perfor-
mance of a vehicle design can vary strongly depending on 
the impact positions.

Using the same FE submodel, we investigate the multi-
pole crash problem based on pole position P1 and P2 (refer 
to Fig. 3) using the objective fopt defined in Eq. 3.

where � = 2 for an equal weighting of mass and intrusions 
and u�

i∈{1,2}
 represents the intrusion for position P1 or P2 

using the same normalization as in Eq. 2.
Since each vehicle design in multi-pole crash problems 

must be separately evaluated using a FE simulation for each 
pole position, each DoE sample and optimization re-sam-
pling requires two FE simulations. Consequently, a smaller 
setup is considered to minimize the computational effort, 
namely a DoE of 200 samples, 30 re-samplings, and three 
optimization repetitions.

4.3 � Performance metric and search spaces for HPO

In many real-world applications, having a faster optimization 
convergence, i.e., finding acceptable solutions in a shorter 
time or using less computational resources is often as impor-
tant as finding the global optimum. In fact, due to the highly 
nonlinear nature of crashworthiness problems, identifying 

(3)minfopt = � ⋅ m� + u�
1
+ u�

2
,

Fig. 3   An overview of the FE submodel developed for automotive 
side crash scenario against a rigid pole. In BEV, the battery com-
partment is typically installed underneath the supporting beams and 
between the rocker panels on both sides. (Top left) The thicknesses of 
rocker panels and supporting beams are the design variables consid-
ered for optimization, as highlighted in blue color. (Bottom left) An 
example of FE simulation result, showing the deformation and plastic 

strain distribution in the submodel during impact. (Top right) In total, 
18 design variables in the rocker panels (DV1 – DV15) and support-
ing beams (DV16 – DV18), where each design variable is highlighted 
using a different color. (Bottom right) Top view of the submodel, 
showing two pole positions (P1 and P2) considered for the crash 
problem
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the global optimum is usually impractical or even impossible 
in industrial crash applications.

Following this, we propose to evaluate the performance 
of a configuration based on its area under the curve (AUC) 
of optimization convergence (Fig. 2), which is informative 
about the solution found and convergence speed. By mini-
mizing the AUC metric, we are essentially looking for con-
figurations that have an optimal balance between vehicle 
design and speed. In this work, the AUC is computed using 
min-max normalized objective values, which are based on 
the global optimum and the worst DoE sample, and then it 
is divided by the evaluation budget.

In the meantime, the hyperparameter search space for 
modular CMA-ES is summarized in Table 3, modular DE 
in Table 4, and BO variants in Table 5.

4.4 � Optimization baseline

For a fair evaluation of the optimal configurations identified 
using our approach, the following configurations are consid-
ered as comparison baseline. 

Default: The readily available algorithm configuration 
in its proposed implementation that is simply taken off-the-
shelf and directly used by practitioners unfamiliar with HPO. 
In line with our motivation, this is our primary comparison 
baseline.

SBS: The configuration that can perform well on aver-
age for a set of BBO problems, e.g., the BBOB suite, 
which is identified through HPO. This configuration serves 
as our secondary comparison baseline in this work.

VBS: The best performing configuration for a particular 
BBO problem identified using HPO, which can be treated 
as the lower bound.

On the other hand, RSM and SRSM are considered as 
benchmark references for automotive crashworthiness 

Table 3   An overview of 
the hyperparameters of 
modular CMA-ES considered 
in this work. The default 
configuration is highlighted 
in bold, where the default 
learning rates are automatically 
computed depending on other 
hyperparameters

Hyperparameter Type Search space

Number of children � Integer { 5,..., 50 } ( � + ⌊(���(�))⌋)
Number of parent � (as ratio of �) Continuous [ 0.3, 0.5 ] (0.5)
Initial standard deviation �

0
Continuous [ 0.1, 0.5 ] (0.2)

Learning rate step size control Continuous [ 0.0, 1.0 ]
Learning rate covariance matrix adaptation Continuous [ 0.0, 1.0 ]
Learning rate rank-� update Continuous [ 0.0, 0.35 ]
Learning rate rank-one update Continuous [ 0.0, 0.35 ]
Active update Categorical { True, False }
Mirrored sampling Categorical { none, ‘mirrored’, ‘mirrored pairwise’ }
Threshold convergence Categorical { True, False }
Recombination weights Categorical { ‘default’, ‘equal’, ‘ 1∕2∧lambda’ }

Table 4   An overview of the 
hyperparameters of modular DE 
considered in this work. The 
default configuration is 
highlighted in bold

Hyperparameter Type Search space

Population size � Integer { 5,..., 50 } ( � + ⌊(���(�))⌋)
Weighting factor F Continuous [ 0.0, 1.0 ] (0.5)
Crossover constant CR Continuous [ 0.0, 1.0 ] (0.5)
Base vector Categorical { ‘rand’, ‘best’, ‘target’ }
Reference vector Categorical { none, ‘pbest’, ‘best’, ‘rand’ }
Number of differences Categorical { 1, 2 }
Weighted F Categorical { True, False }
Crossover method Categorical { ‘bin’, ‘exp’ }
Eigenvalue transformation Categorical { True, False }
Adaptation of F Categorical { none, ‘shade’, ‘shade-modified’, ‘jDE’ }
Adaptation of CR Categorical { none, ‘shade’, ‘jDE’ }
Use JSO caps for F and CR Categorical { True, False }
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optimization problems, using the performance of RSM as 
our baseline. 

RSM:  Based on some DOE samples, seven types of 
surrogate model are constructed, namely polynomial, sup-
port vector regressor, RF, gradient boosting, dense NN, 
GP, and k-nearest neighbor (Pedregosa et al. 2011), where 
the model hyperparameters are optimized using TPE based 
on a framework similar to Komer et al. (2014) and a five-
fold cross-validation. Using the best-fitted surrogate model 
to approximate the crash problems, modular CMA-ES is 
then applied to search for the global optimum.

SRSM: In this work, optimization runs using SRSM are 
performed based on a similar approach described in Raponi 
et al. (2021); Stander and Craig (2002a, 2002b); Kok and 
Stander (1999). The response surfaces are constructed in 
the same way as the aforementioned RSM, where the same 
total function evaluation budget (DoE + re-samplings) is 
equally divided across five iterations. Moreover, DoE sam-
ples from previous iterations that are within the current 
subspace are additionally included for the construction of 
response surfaces.

5 � Results  and discussion

5.1 � Reproducibility

To keep this article within a reasonable length, essential 
experimental results and figures that are not included are 
made available in our repository at https://​zenodo.​org/​recor​
ds/​11350​771.

5.2 � Visualization of representative functions 
for BBOB

Before delving into analyzing the HPO results, the RGF 
identified as representative functions based on ELA features 
are visually inspected. Particularly, we compare the optimi-
zation landscape topology between the BBOB functions in 
2d and their corresponding representative functions, which 
can be easily visualized compared to the high-dimensional 
automotive crash problems. In fact, the representative func-
tions indeed have a similar optimization landscape for many 
BBOB functions, such as F1 (Sphere), F22 (Gallagher’s 
Gaussian 21-hi Peaks), and F23 (Katsuura), as presented 
in Fig. 4.

Table 5   An overview of the 
hyperparameters for the three 
BO variants considered in this 
work. The default configuration 
is highlighted in bold. The 
hyperparameter DoE size is 
defined as ratio of the evaluation 
budget. For investigations on 
the automotive crash problem, 
the DoE size is fixed and not 
considered for HPO

Variant Hyperparameter Type Search space

BO DoE size Continuous [ 0.1, 0.9 ] (0.5)
Kernel of GP models Categorical { Matérn 3/2, Matérn 5/2, RBF }
Acquisition function Categorical { Expected improvement (EI),

Probability of improvement (PI),
Lower confidence bound (LCB) }

TuRBO-1 DoE size Continuous [ 0.1, 0.9 ] (0.5)
Infill points Integer { 1,..., 10 } (1)

TuRBO-m DoE size Continuous [ 0.1, 0.9 ] (0.5)
Number of trust regions Integer { 2,..., 6 } ( ⌊(�∕�)⌋)
Infill points Integer { 1,..., 10 } (1)

Fig. 4   Visual comparison of optimization complexity between pairs 
of selected BBOB functions (F1, F22, and F23) in 2d (left; yellow-
green color) and their corresponding representative functions identi-
fied based on ELA features (right; beige-purple color). The search 

space [−5, 5]2 is shown on the in-plane axis, while the min-max nor-
malized objective values [0, 1] are on the vertical axis, with 0 being 
the global optimum. A lighter color represents a larger objective 
value, while a darker color for a smaller value. Refer to Sect. 5.1 for 
full results

https://zenodo.org/records/11350771
https://zenodo.org/records/11350771
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Nevertheless, for some complex functions like F16 
(Weierstrass), visual differences in the optimization land-
scape of representative functions can be observed, as 
illustrated in Fig. 5. Interestingly, apart from the first RGF 
(similar_1), the optimization landscape of the other four 
RGF is much more similar to F16, that is, highly rugged 
and repetitive landscape. While an explanation remains yet 
unclear, we suspect that (i) this might be due to our approach 
in selecting and processing the ELA features, and (ii) ELA 
features that can properly capture such complex landscape 
characteristics are still lacking. Due to the fact that the dif-
ferences in their ELA features are rather small, we incline 
toward the first assumption that perhaps an equal weight-
ing of all ELA features for the distance computation is not 
optimal for all BBO problems (Sect. 3). At the same time, 
this highlights the importance of considering multiple rep-
resentative functions for HPO using a training–testing split 
in our approach.

5.3 � HPO for BBOB functions

Apart from visual inspections, the optimization perfor-
mances using different configurations of modular CMA-ES, 
modular DE, and BO variants are analyzed and compared in 
Fig. 6, using F1 and F10 (Ellipsoidal) in 20d as an example. 
Similar to F1, we can observe that the optimal configurations 
identified using our approach have a smaller AUC than the 
default configuration for most BBOB functions, revealing 
that our approach is superior than the default configuration, 
even for complex functions like F16 and F23. Furthermore, 
our approach can outperform the SBS for several BBOB 
functions, while being equally competitive as the SBS for 
a few of the remaining BBOB functions. This is particu-
larly encouraging for real-world applications, as such a SBS 
is typically not available. Nonetheless, there is still room 
for improvement in our approach, as we struggle on a few 
BBOB functions like F10, as shown in Fig. 6, where the 

Fig. 5   Visual comparison of optimization complexity between F16 
in 2d and the first five RGF with the most similar landscape charac-
teristics. The RGF are labeled from similar_1 to similar_5 in 
ascending order according to their differences in ELA features. The 

search space [−5, 5]2 is shown on the in-plane axis, while the min-
max normalized objective values [0, 1] are on the vertical axis, with 
0 being the global optimum, using the same color scheme as in Fig. 4

Fig. 6   Performance of modular 
CMA-ES (left), modular DE 
(middle), and BO variants 
(right) using different con-
figurations for F1 (top row) 
and F10 (bottom row) in 20d, 
with a repetition of 20 times 
for each configuration. The 
AUC is computed based on the 
min-max normalized objective 
values (according to the global 
optimum and worst solutions 
in all runs) and divided by the 
evaluation budget. To allow a 
convenient interpretation across 
different functions, here the 
AUC is additionally divided by 
the median AUC of the default 
configuration. A configuration 
with a smaller AUC is better. 
(Legend) Default configuration, 
optimal configurations identi-
fied using TPE or SMAC, SBS, 
and VBS. Refer to Sect. 5.1 for 
full results
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performance of optimal configurations identified is clearly 
weaker than the default configuration and SBS.

In general, similar observations can be made for modu-
lar DE and BO variants, showing an attractive potential 
of our approach in solving the BBOB functions. Further 
comparisons indicate that our approach tends to work 
more reliably with modular CMA-ES than with modular 
DE, based on the fact that optimal configurations of mod-
ular CMA-ES can outperform the default configuration 
and compete with the SBS across a larger set of BBOB 
functions. The poor performance of modular DE might 
be partly attributed to its stochastic nature, e.g., random-
ness in population initialization, which warrants further 
investigations. On the other hand, our approach seems to 
be working well with BO variants, where a smaller DoE 
size is favored in all optimal configurations identified.

For a precise analysis, the performance of different 
configurations is statistically evaluated based on the Wil-
coxon signed-rank test in scipy (Virtanen et al. 2020), 
using the alternative hypothesis the performance of opti-
mal configurations identified by our approach is weaker. 
The statistical results for all 24 BBOB functions using 
modular CMA-ES, modular DE, and BO variants are pre-
sented in Fig. 7. In line with our previous observations, 
optimal configurations identified using our approach can 
in fact outperform the default configuration for many 
BBOB functions and compete against the SBS in some 
cases. While not being the focus of this work, SMAC 
seems to have slight advantage in finding better con-
figurations compared to TPE. Nevertheless, our current 
approach does not work for several BBOB functions, such 

as F7 (Step Ellipsoidal), F10 (Discus), and F11, which 
might be related to the processing of ELA features, as 
discussed in Sect. 5.2. Overall, these results reveal the 
potential of our approach in generalizing to a wide range 
of optimization problem classes within the BBOB suite.

5.4 � HPO for automotive side crash

In the following, the optimization results for the automotive 
side crash problem are presented and discussed.

5.4.1 � Load case A – Single‑pole impact

For the automotive side crash problem with single-pole 
impact, better vehicle designs with smaller objective values 
can be found by RSM, SRSM, and BO compared to the clas-
sical one-shot optimization strategy, as illustrated in Fig. 8. 
Precisely, SRSM has the best performance, followed by BO, 
which can generally outperform RSM in finding better vehi-
cle designs. While not included in this work, increasing the 
DoE size by an additional 200 samples ( +50% ) does not 
clearly improve the optimization results for RSM in our test-
ing, suggesting that RSM indeed struggles to approximate 
the complex side crash problem accurately. On the other 
side, the best overall vehicle design can be identified using 
SRSM, showing the advantage of an iterative optimization 
process to solve automotive crash problems. Meanwhile, the 
optimal BO configuration identified can perform slightly 
better than the default BO configuration in terms of the 
best vehicle design found (roughly −2% ) and AUC metric 

Fig. 7   Pairwise performance comparison between the best configura-
tion found using TPE or SMAC in our approach against the default 
configuration and SBS of modular CMA-ES (top), modular DE (mid-
dle), and three BO variants (bottom) for 24 BBOB functions. Based 
on the Wilcoxon signed-rank test, a red color indicates that there is 
a statistically significant evidence to support the alternative hypoth-
esis  the performance of our optimal configurations is weaker, with 

a p value smaller than 0.05. On the other hand, a green color indi-
cates that our optimal configurations are equally competitive or better, 
where a darker green color (higher p value) indicates that the hypoth-
esis is less likely to be rejected. (Legend) Comparison of the default 
configuration or SBS against optimal configurations identified using 
TPE or SMAC
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(roughly −3% ), having a faster convergence particularly at 
the beginning of optimization.

Next, the vehicle designs found by RSM, SRSM, and 
BO are analyzed further w.r.t. design space, as visualized in 
Fig. 9, focusing on the best optimization run with the small-
est objective value among all repetitions. In brief, a general 
tendency can be observed for most vehicle designs, where 
a combination of thick rocker panels for regions close to 
the impact (DV1 – DV8) and thin supporting beams (DV16 
– DV18) is favorable. On the contrary, the thicknesses of the 
remaining design variables on the inner side of rocker panels 
(DV9 – DV15) are more flexible.

Apart from that, the vehicle designs found by the optimi-
zation algorithms are different optima. Using RSM as a ref-
erence, the vehicle design provided by SRSM has a minimal 
increase in mass ( +0.1 kg), but a good reduction in intrusion 
( −3.7 mm). On the other hand, while the default BO con-
figuration favors a reduction in intrusion by increasing the 
thicknesses of rocker panels, our approach attempts to mini-
mize both the vehicle mass and intrusion. In this context, 

the vehicle design found by the default BO configuration 
exhibits a reduction in intrusion ( −9.4 mm) at the cost of 
an increased mass ( +1.5 kg). Conversely, the vehicle design 
provided by our approach shows the opposite effect, having 
a smaller mass ( −0.6 kg), but larger intrusion ( +1.5 mm). 
The intrusions for different vehicle designs are visualized in 
Fig. 10, where the vehicle design found using our approach 
indeed deforms to a greater extent compared to the default 
BO configuration.

5.4.2 � Load case B—Multi‑pole impact

For the side crash problem with multi-pole impact, the optimi-
zation results are analyzed in a similar fashion as in Sect. 5.4.1 
and presented in Fig. 11. As expected, better vehicle designs 
with smaller objective values can be found using RSM, SRSM, 
and BO compared to the one-shot optimization strategy. Unlike 
the previous single-pole load case, here SRSM performs worse 
than RSM in finding a better vehicle design, despite having 
the possibility to discover better solutions over iterations. In 

Fig. 8   Comparison between the one-shot optimization strategy 
(black), RSM (blue), SRSM (orange), default BO configuration 
(green), and optimal BO configuration predicted using our approach 
(red) for the side crash problem with single-pole impact (Eq. 2). For 
RSM and SRSM, the best-found solution is presented. On the other 

hand, the best-so-far solution during re-sampling is shown for BO, 
starting with the best DoE sample. The median performance and 
standard deviation of five repetitions are reported. A smaller objective 
value and lower AUC is better

Fig. 9   Comparison of vehicle designs for the side crash problem with 
single-pole impact found by RSM (blue), SRSM (orange), default BO 
configuration (green), and optimal BO configuration identified using 
our approach (red), with the upper and lower bound of design space 

(thickness in mm) shown at the top and bottom row. The relative dif-
ferences in mass (kg) and intrusion (mm) w.r.t. the vehicle design 
provided by RSM are shown. The optimization objective value is pre-
sented in the last column



	 F. X. Long et al.68  Page 14 of 19

comparison to the previous load case, a smaller total function 
evaluation budget is allocated for the multi-pole load case. 
Thus, we believe that the complex multi-pole crash function is 
poorly approximated in SRSM due to the smaller DoE sample 
size. Meanwhile, the default BO configuration appears to be 
stuck in a local optimum, having a somewhat comparable per-
formance as SRSM. On the contrary, better vehicle designs can 
be clearly found using optimal BO configurations identified 
through our approach, outperforming both RSM and default 
BO configuration. In fact, the optimal BO configuration has a 
comparable convergence speed as the default BO configura-
tion based on AUC metric (roughly +1% ), but can find a much 
better vehicle design (roughly −10%).

Regarding the design space, a similar trend in vehicle 
design as previously in the single-pole impact can be observed 
here, where thick rocker panels and thin supporting beams 
are favorable. Basically, most of the optimization algorithms 
push the vehicle design toward the boundary of design space, 
indicating that thick rocker panels could improve the overall 
structural performance of vehicle design that is robust against 
impacts at both pole positions P1 and P2. On the other side, 
our optimal BO configuration can better explore the search 
space, where the vehicle design has a combination of thinner 
rocker panels and slightly thicker supporting beams. Using 
RSM as a baseline, the vehicle design identified using SRSM 
has a slightly lower mass ( −0.1 kg), but larger intrusions at 
both P1 ( +0.9 mm) and P2 ( +5.6 mm). Meanwhile, the vehi-
cle design found by the default BO configuration is lighter 
( −0.5 kg), but at a cost of larger intrusions for an impact at 
P1 ( +3.1 mm) and P2 ( +5.2 mm). In comparison, the vehicle 
design provided by our approach is arguably better, having a 
lower mass ( −0.7 kg), smaller intrusion for P1 ( −0.5 mm), 
and slight increase in P2 ( +1.8 mm), which is generally much 
more appealing.

It is worth noting that the optimization performance can 
be different, depending on the definition of optimization 
objectives, e.g., Eq. 2 and 3, which requires further investiga-
tions. Despite the findings of this work are limited to uncon-
strained single-objective optimization, we show that improve-
ments in optimization performance can be gained using our 
approach compared to conventional method, in line with our 
motivations.

6 � Conclusions and future research

An efficient solving of real-world expensive BBO problems, 
such as automotive crashworthiness optimization, at a mini-
mal time and/or costs is critical, yet challenging. To over-
come this problem, we propose an automated approach that 
can assist practitioners in optimally fine-tuning optimization 
algorithms for their applications. By exploiting cheap-to-
evaluate RGF as representative functions, which belong to 
the same optimization problem class as BBO problems based 
on ELA features, optimal algorithm configurations can be 
identified using HPO at a significantly lower cost compared 
to the expensive function evaluations. To improve the reli-
ability of our approach, we integrate a selection process to 
identify a set of RGF that are appropriate as representative 
functions and a train-test split for HPO purposes.

To evaluate the potential of our approach, two applica-
tions are considered, namely the BBOB suite and an automo-
tive crash problem as a representative real-world expensive 
BBO problem. When applied to the BBOB functions in 
20d, optimal configurations identified using our approach 
can most of the time outperform the default configuration 
in terms of optimization convergence speed quantified using 
the AUC metric. Moreover, optimal configurations found 
using our approach can compete against the SBS in some 

Fig. 10   The cross-sections of FE submodel, revealing the structural 
deformation during impact for the vehicle design found by RSM, 
SRSM, default BO, and optimal BO configuration identified using 

our approach for an impact at pole position P1. The same setting is 
applied for all simulation snapshots, e.g., deformation scaling, view 
position, and time frame
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BBOB functions. Beyond that, our approach is flexible as it 
is compatible with different BBO algorithms, such as modu-
lar CMA-ES, modular DE, and BO, as well as different opti-
mizers for HPO like TPE and SMAC.

Apart from the BBOB suite, our investigations are 
extended to an automotive side crash problem using FE 

simulations and two load cases, namely a single-pole 
and multi-pole impact. Generally, the performance of 
BO can be improved for both load cases, when optimally 
fine-tuned using our approach. Compared to SRSM, the 
advantage of using the optimal BO configuration identified 
is arguably minimal for the single-pole impact problem. 

Fig. 11   Overview of the optimization results using RSM, SRSM, default BO, and optimal BO configurations for the automotive side crash prob-
lem with a multi-pole impact



	 F. X. Long et al.68  Page 16 of 19

On the other hand, the optimal BO configuration can out-
perform SRSM in solving the multi-pole impact problem. 
In fact, an improvement in the vehicle design w.r.t. mass 
and intrusions can be identified using our approach for the 
multi-pole problem. Overall, we believe that our approach 
can be applied for solving automotive crash problems that 
require dealing with complex crash functions and a limited 
function evaluation budget, which are two crucial aspects 
in the automotive industry.

Based on our results, our approach has shown promis-
ing potential toward automated HPO in identifying optimal 
configurations for automotive crashworthiness optimization. 
Once the computational expense scales up, e.g., using a full 
vehicle FE model (Table 2), such an improvement in opti-
mization efficiency could be substantial. Since the BBOB 
suite covers a wide range of optimization problem classes, 
we are confident that our approach can generalize to other 
BBO domains with similar optimization complexity. In this 
context, our approach is flexible for applications beyond 
automotive crash problems with modifications, such as ship 
design in the maritime industry (de Winter et al. 2019) and 
turbomachinery design in the aerospace industry (Pretsch 
et al. 2023).

In the meantime, several potential improvements in our 
approach have been noticed, which can be summarized as 
the following outlooks. 

1.	 Currently, our approach is implemented for uncon-
strained single-objective optimization. To better handle 
real-world applications, we plan to extend our approach 
to constrained multi-objective optimization, and thereby, 
to increase its value for industrial applications.

2.	 An extension of our approach toward the so-called auto-
mated algorithm configuration (AAC) (Schede et al. 
2022), and combined algorithm selection and hyperpa-
rameter optimization (CASH) (Thornton et al. 2013) can 
be another attractive research direction, where not only 
the hyperparameters, but also the choice of algorithm is 
part of the fine-tuning search space.

3.	 Another attractive research direction could be improving 
the generation of representative functions to better gen-
eralize our approach to a broader spectrum of expensive 
BBO problems. For future work, we plan to evaluate the 
performance of RGF generated (i) using our approach, 
(ii) starting from a GP prior, and (iii) using deep NN 
models (van Stein et al. 2023).

4.	 Moreover, we are motivated to develop a configurable 
BO framework that can offer a greater functional flexi-
bility, similarly to the modular CMA-ES. In this regards, 
the BO hyperparameter search space considered in this 
work will be expanded, e.g., by combining different BO 
variants.
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