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Abstract—The optimization of real-world engineering prob-
lems can be a challenging task, owing to the limited understand-
ing of problem characteristics and the high cost of evaluating
objectives and constraints in terms of computing time or licenses.
This study proposes an AI-assisted optimization pipeline that
addresses these challenges by using proxy functions in order to
select and optimize the optimization algorithm and its hyper-
parameters, thereby significantly accelerating the optimization
process on the real (expensive) problem. These proxy functions
are inexpensive to evaluate and are selected to exhibit similar
landscape characteristics as the original problem. To obtain
such proxy functions, we adopt an approach, which involves
computing Exploratory Landscape Analysis (ELA) features to
characterize the problem’s landscape. The ELA features are then
used to identify an artificial function that replicates the original
problem’s properties, which can then be employed as a low-
cost proxy function for the hyper-parameter optimization of our
pipeline. Several real-world industrial applications are discussed
as use-case of our proposed approach.

Index Terms—AI Assisted Optimization, Surrogate Based Op-
timization, Industrial applications

I. INTRODUCTION

The identification and selection of the most efficient al-

gorithm for a specific black-box multi-objective optimization

problem pose a significant challenge. This task, referred to

as the algorithm selection problem (ASP) [1], has been ad-

dressed in recent evolutionary computation works that focus on

landscape-aware automated algorithm selection using machine

learning approaches [2]–[7]. These approaches utilize land-

scape features, which quantify different landscape character-

istics of a given problem instance, to predict the performance

of an optimization algorithm on such a problem instance.

In essence, once the landscape characteristics of a problem

instance have been identified, the performance of an optimiza-

tion algorithm on an unseen instance can be roughly estimated.

This is advantageous, as landscape analysis can provide ad-

ditional insights into the effectiveness of an algorithm across

different problem instances [8]–[11].

However, previous ASP works have primarily focused on

academic benchmark functions, such as the black-box opti-

mization benchmarking (BBOB) test set [2], [5], [10]. Con-

versely, little research has been done to investigate algorithm

selection in real-world expensive black-box optimization prob-

lems, especially for constrained multi-objective optimization

problems where multiple objective and constraint functions

can be computationally expensive. Addressing this challenge

remains an open research area.

In this work, an automated AI-assisted pipeline for se-

lecting and tuning an optimization algorithm is proposed.

The pipeline uses cheap to evaluate proxy functions for the

algorithm selection and hyper-parameter tuning. These proxy

functions are found using the methodology proposed by Long

et al. [12]. In this approach, Exploratory Landscape Analysis

(ELA) [13] features are computed and utilized to select appro-

priate generated artificial functions such that these functions

closely resemble the optimization landscape. These cheap to

evaluate artificial functions can then be used to emulate the

expensive objectives and constraint functions of the real-world

engineering problem.

II. PROPOSED PIPELINE

The proposed automated optimization pipeline for real-

world expensive black-box optimization problems is visu-

alised in Figure 1. The pipeline starts with an initial Design

of Experiments (DoE) sample X = {x1, . . . ,xn}, xi ∈
S ⊂ R

d and the corresponding objective function values

F = {f(x1), . . . , f(xn}) as obtained by (time-consuming)

simulation of the real-world problem (Step 1). Based on

the landscape characteristics (ELA features) of the given

problem instance (Step 2), which are then computed on the

sample (X ,F), the objective of the pipeline is to identify

representative, fast-to-evaluate functions with similar charac-

teristics (Step 3). At the moment, this is done by using a

random function generator by which we generate thousands

of random functions from which we select one that minimizes

the Euclidean distance between its ELA feature vector and the

target feature vector [12]. These fast-to-evaluate functions are

used to select and configure the optimal optimization algorithm
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Expensive optimization problem

Design of experiment (DoE)

Learning the meta-features
(ELA for capturing landscape characteristics)

Representative proxy functions

Algorithm selection and hyperparmeter tuning
(on proxy functions)

Solving optimization problem
(using best algorithm and hyperparmeter)

Solution

Step 1

Step 2

Step 3

Step 4

Step 5

Fig. 1. Proposed pipeline using ELA features to find similar proxy functions
and to select and hyper-parameter optimize the best optimization algorithm
for solving a given expensive black-box optimization problem.

A for this problem (Step 4). The final step involves applying

the optimally fine-tuned optimization algorithm A on the real-

world problem instance (Step 5).

III. INDUSTRIAL APPLICATIONS

In this section, we discuss three examples from the automo-

tive and maritime industries which are representative of costly

real-world optimization applications, with objective function

evaluation requiring up to several hours of computation time.

A. Crashworthiness Optimization

The design of a car must meet several safety requirements,

including providing sufficient protection to passengers in case

of a crash, while simultaneously fulfilling other necessary

design parameters such as durability and weight [14]. With

car designs becoming increasingly sophisticated, crashwor-

thiness optimization has become a challenging and tedious

task. Moreover, simulating a highly nonlinear crash through

Finite Element analysis is computationally expensive, thereby

severely limiting the number of affordable function evaluations

for optimization. Despite recent advancements in developing

surrogate-based optimization methods for automotive crash-

worthiness problems [15]–[22], there remains a dearth of

understanding of problem characteristics.

To address this, a more comprehensive and thorough under-

standing of the problem characteristics is necessary. The exist-

ing literature primarily focuses on surrogate-based optimiza-

tion methods; however, a holistic approach to the problem is

lacking. With the proposed pipeline, the optimization problem

can be emulated with artificial functions to fine-tune and select

a well-performing optimization algorithm using a limited

evaluation budget before applying the optimized algorithm

to the expensive objective function. The advantage of using

artificial functions instead of surrogate models is that we do
not impose any assumptions on the optimization landscape,

while surrogate models are heavily subject to the assumptions

by the type of surrogate model used. The proposed pipeline

would allow for more efficient and effective crashworthiness

optimization.

We have illustrated the value of using machine learning

approaches for training a response surface and then optimizing

on the response surface in recent work on multidisciplinary

optimization (MDO) for crashworthiness [23]. The resulting

algorithm combines several techniques such as a global sensi-

tivity matrix (showing the relevance of each design parameter

for each of the disciplines [24]), optimization algorithms

using a local prediction uncertainty measure [25], methods for

reducing the finite element computation effort, and an adaptive

model complexity control approach. On a full vehicle body

design optimization example, the approach is able to reduce

car body weight by 17.75 kg, finding a practically feasible so-

lution with a reduction of the computational effort by 64.55%,

in comparison to the state-of-the-art MDO process [23].

B. Vehicle Dynamics Optimization

The dynamics of modern vehicles is largely dictated by

control systems dynamically regulating aspects such as en-

gine control, active suspension, rollover prevention, etc. Such

control systems are built based on complex general models

implemented by vehicle manufacturers which capture a mul-

titude of highly interdependent parameters. During the design

stage, such models need to be optimised (in a single- or multi-

objective fashion) to meet various performance, safety, cost

and environmental requirements given the constraints for a

vehicle model. However, due to the computational complexity

of these models, their optimisation is far beyond the capabili-

ties of traditional methods. This makes such problems highly

suitable for the approach discussed in Section II.

As an example, anti-lock braking and variable damper

control systems (ABS and VDS, respectively) which are re-

sponsible for driving safety depend on hundreds of parameters

of a vehicle that cover different driving situations [26]. While

the former controls the relative motion between a tire and a

road during braking by adjusting the brake pressure, the latter

manipulates braking force by adjusting damper constants of

the shock absorbers. The approach discussed in Section II has

been successfully used to find a set of ABS and VDC param-

eters that deliver minimal (simulated) braking distance [26].

Based on ELA features computed for a DoE, a representa-

tive function has been identified from a set of benchmarking

functions. On this representative function, an investigation

has been carried out to identify the best method to con-

struct a surrogate model (Random Forest, Support Vector

Machine or Multi-layer Perceptron) which approximates the

objective function, i.e., we investigated on a fast-to-evaluate

proxy function which machine learning algorithm was able

to represent the proxy function - and therefore the original

real-world problem - well and could serve as a good predictor

of the optimum. The validity of such a choice of surrogate

has then been verified for the expensive objective function

of the aforementioned ABS and VDS optimisation problem.

Results shown in Figure 2 demonstrate the validity of such an
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Fig. 2. Ninety different response surface models (three machine learning
algorithms - random forest RF, support vector machines SVM, multi-layer
perceptron MLP, ten runs each, three different DoE sizes) were trained as
proxy functions and optimization using a CMA-ES was run on the response
surfaces. The plot shows the quality of verified (using the simulator) final
optimization results (y-axis) over the quality of the response surface model,
measured as mean squared error (x-axis).

approach. The x-axis shows the mean squared error obtained

through 10-fold cross-validation of the machine learning al-

gorithm for ten different runs and three different DoE sizes,

and the y-axis show the validated objective function value

associated to the optimum that was obtained by optimizing

on the response surface with a Covariance Matrix Adaptation

Evolution Strategy (CMA-ES) [27].

Results show that MSE is not a good indicator of the

suitability of the response surface model for optimization.

However, despite relatively large variation in MSE values,

good braking distance values close to 32 m can be obtained

based on SVM and RF. The value of 32 m is a new best
(simulator-based) solution for the corresponding vehicle dy-

namics problem; this solution is still to be evaluated in the field

on a real physical vehicle. It should be noted here that thanks

to the approach described here, we can operate at four levels

of abstraction: (i) the real car, (ii) its simulation, (iii) the proxy

function for the simulation, (iv) a response surface model that

was trained to approximate the proxy function (to see whether

a response surface model can, in principle, approximate the

simulated problem well enough).

A similar approach has been subsequently taken in a follow-

up paper [28], where the best parameter settings of a single-

objective optimiser have been investigated in terms of a com-

promise between the attained breaking distance and available

computing budgets, as two conflicting objectives in a multi-

objective setting.

C. Ship Design

When designing a ship the aim is to find the ideal size and

hull shape that fit all required cargo and technical spaces [29].

When searching for the ideal size, there are often two con-

flicting objectives and many constraints. Objectives that are

optimized are often the steel weight (a strong indicator for

required capital investments) and resistance at operational

speed (a strong indicator for operational expenses). The steel

weight is usually computed from a design that complies to

the international rules that determine the height, thickness, and

distance between the steel beams. The resistance of the vessel

at operational speed however is much more computationally

expensive since this is typically evaluated by performing

Reynolds-averaged Navier–Stokes calculations which can take

hours on high-performance clusters. The constraints in ship

design are often volumetric constraints on the cargo hold,

engine room, fuel tanks ect. and calculations for intact- and

the computationally expensive damage-stability criteria.

To limit the number of expensive function evaluations and

this way save time, an algorithm is proposed which exploits

machine learning models as surrogates for the expensive

constraints and objectives [30], [31]. Since not many results

are available from ship design optimization problems, and

since every ship design is different, the characteristics of the

problem landscape are learned on the fly. The self-adaptive

algorithm optimizes the hyper-parameters of the machine

learning models, and selects the best fitting surrogate models

based on mean squared error, while it simultaneously tries to

find feasible and optimal solutions.

The self-adaptive algorithm has proven to be very effective

at finding Pareto-efficient solutions which are also feasible.

The algorithm is able to find better Pareto frontier approxi-

mations compared to other algorithms which only exploit one

type of machine learning method to learn the constraints and

objectives [31]. The algorithm has effectively been used to find

an optimal offshore service vessel. Compared to the original

service vessel design, the algorithm found a design with 19%
less steel weight, and 10% less resistance [32].

IV. CONCLUSIONS AND OUTLOOK

We propose to tune optimization algorithms for expensive

real-world optimization tasks by using proxy functions that

exhibit the properties of the real-world task but are fast to eva-

luate, such that many function evaluations can be performed

for optimizer tuning and the resulting tuned optimization al-

gorithm can then be applied to the real-world task (and similar

instances from the same problem class). As representatives, we

picked two examples from the automotive industry, namely

crashworthiness and vehicle dynamics optimization. In both

cases, we showed that: (i) it is possible to find such proxy

functions, (ii) optimization on the proxy functions or by using

response surface models can be used to find better solutions

faster. The latter holds for the full vehicle body optimization

(reducing weight by 17.75 kg and CPU time by 64.55%) and

the braking distance example (reducing braking distance to

32 m, which is an unexpected improvement over the current

best value). In addition to the approach with ELA features

and learning from proxy functions, an alternative self-adaptive

algorithm has been used in ship design. The self-adaptive

algorithm learns hyper-parameters on the fly and chooses the

best surrogate model adaptively. It has been used to optimize

an offshore service vessel by reducing the steel-weight by 19%

and resistance by 10%.

As a next step, the automated machine learning pipeline

for generating the closest proxy function for an arbitrary real-

world problem will be finished. In parallel, we are developing
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an automated configuration and hyper-parameter optimization

framework for efficient global optimization frameworks, al-

lowing to tune such optimization frameworks for the derived

proxy function. The resulting tuned optimization algorithm

would then be a solver that is tuned for the requirements of

the corresponding real-world problem class.
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Shot Optimization for Vehicle Dynamics Control Systems: Towards
Benchmarking and Exploratory Landscape Analysis,” in Proceedings
of the Genetic and Evolutionary Computation Conference Companion.
New York, NY, USA: Association for Computing Machinery, 2022, p.
2036–2045.

[27] N. Hansen and A. Ostermeier, “Adapting Arbitrary Normal Mutation
Distributions in Evolution Strategies: The Covariance Matrix Adapta-
tion,” in Proceedings of the IEEE International Conference on Evolu-
tionary Computation, 1996, pp. 312–317.

[28] A. Thomaser, M.-E. Vogt, A. V. Kononova, and T. Bäck, “Transfer
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