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ABSTRACT
A modular optimization framework is proposed that can deal with

different problem characteristics encountered in real-world design

problems. The common denominator of problems considered in

this work is the computationally demanding objective function

used to evaluate the designs, while some of the constraint func-

tions can be inexpensive. The framework uses radial basis functions

as surrogates for the computationally expensive objectives while

inexpensive functions can directly be used for searching promis-

ing solutions on the surrogates. The framework is adjustable for

the number of continuous design parameters, the number of con-

straints, the number of solutions that can be evaluated in parallel,

and different strategies can be selected on how to deal with the

computationally inexpensive functions. We propose guidelines on

how to set up the modular framework depending on the prob-

lem characteristics one has to deal with. To verify the working of

the optimization framework, two different real-world ship design

optimization problems have been optimized with different char-

acteristics such as the number of constraints and how expensive

they are. The results show that it is beneficial to directly exploit

the inexpensive functions when possible and that parameterization

of the problem is the most important step of the process.

CCS CONCEPTS
• Computing methodologies→ Simulation evaluation; Parallel

algorithms; • Applied computing→ Computer-aided design.
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1 INTRODUCTION
Real-world optimization problems often are computationally expen-

sive and are subject to constraints [4, 30]. However, some problems

have a computationally expensive objective and inexpensive con-

straints, while for other problems some or all of the constraints are

also computationally expensive. Evaluation of these problems is

usually done with commercial simulation software that requires

a license. In cases where multiple licenses are available, multiple

solutions can be evaluated in parallel. Selecting a unique well-

performing optimization algorithm per optimization problem can

be a labor-intensive task as they are often programmed in differ-

ent languages, the communication between the algorithm and the

simulation software needs to be set up, and skepticism towards a

new algorithm must be overcome before it will be used in practice.

Therefore, in this paper, a modular adaptive global optimization

framework (MAGOF) is introduced that can deal with different

problem characteristics encountered in real-world optimization

problems. The common denominator of problems considered in

this work is the computationally demanding objective function,

while the constraints function(s) can be expensive or inexpensive,

and multiple solutions can be evaluated in parallel.

To illustrate the performance of the MAGOF framework, four

different configurations are tested on the G-problem test suite [24].

After the strengths have been identified the MAGOF framework is

used to optimize two real-world ship design optimization problems.

A formal problem notation is given in Equation 1.

minimize: f : Ω → R , 𝑓 (x)
subject to: 𝑔𝑖 (x) ≤ 0 ∀𝑖 ∈ {1, . . . ,𝑚}

x ∈ Ω ⊂ R𝑑 .
(1)

Here𝑚 is the number of constraints, 𝑑 is the number of parameters,

𝑓 is the objective function, 𝑔𝑖 is the 𝑖
𝑡ℎ

constraint function, and x
the vector of decision parameters.

The remainder of this paper is organized as follows: In Section 2

the related work is presented. In Section 3 themodular framework is

described in detail. In Section 4 the experiments and two real-world

ship design problems are described. The results on the benchmark

functions and the two problems are presented in Section 5. Finally

conclusions and future work directions are given in Section 6.

2 RELATEDWORK
Developing optimization algorithms and their variants in isolation

with limited analysis of module settings and hyper-parameter con-

figurations, limits the applicability of these algorithms. Modular
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approaches to optimization algorithm development mitigate these

limitations partly by enabling comparisons across a wide array of

modifications to a core algorithm’s implementation and linking the

performance of these modifications to different problem character-

istics [31]. Such modularization is achieved by providing multiple

options for each component (or module) of the algorithm, allow-

ing for a fully independent selection of options per module. The

concept of modular algorithms, exemplified by frameworks such

as paradisEO [15] and MLO [36] has been applied across various

algorithm families [12, 32], including multi-objective optimization

algorithms [16, 25]. The framework proposed in our study leverages

this modular approach, focusing on different problem character-

istics of real-world expensive constraint optimization tasks and

introducing adaptability in managing different problem scales and

constraints. This approach offers a new perspective on optimization

for complex real-world design challenges.

The modular framework in this paper is built on several ideas

from different earlier works. Since this work deals with constraint

single objective problems with the common denominator that at

least one of the constraint and/or objective functions are compu-

tationally expensive, inspiration is taken from surrogate-assisted

optimization algorithms and constraint optimization algorithms.

2.1 Surrogate Assisted Optimization
When solving computationally expensive black-box optimization

problems, often Bayesian optimization is chosen as the method

to find the optimal solutions. A popular and common Bayesian

optimization algorithm for single objective optimization problems

is the Efficient Global Optimization (EGO) algorithm [23]. Bayesian

optimization consists of 4 steps:

(1) Bayesian optimization starts with a Design of Experiments

(DoE). The solutions from the DoE are evaluated with the

objective and constraint functions and stored in an archive.

(2) Surrogate models are fitted with all data from the archive.

(3) With an acquisition function the promising solution(s) are se-

lected based on the surrogate(s) predictions. The acquisition

function is optimized with an optimization algorithm.

(4) The new solutions are evaluated with the objective and con-

straint functions and added to the archive.

Finally, the algorithm terminates if a stopping criterion is met,

otherwise the algorithm goes back to step 2. The elements that are

varied the most in Bayesian optimization are the surrogate choice,

and the acquisition function.

Well-known surrogate modeling methods are Gaussian Process

regression (GP) [18] (also known as Kriging) and Radial Basis Func-

tion (RBF) surrogates [4, 7]. In this work only RBFs are considered

since they are computationally less expensive but very similar [3].

The surrogates are models that approximate the relationship be-

tween input and output variables and this way learn from the

already evaluated solutions. After the relationship is learned the

acquisition function is optimized [34]. A set of existing acquisition

functions that already exist are for example the Expected Improve-

ment (EI) acquisition function [23] and the Generalized Expected

Improvement (GEI) acquisition function [26]. The Expected Im-

provement acquisition score uses the predicted value of the sur-

rogate and then subtracts the standard deviation or uncertainty

which is higher in regions where only a few solutions have been

evaluated. This acquisition function therefore automatically prefers

solutions in unexplored regions with promising objective scores and

this way balances exploration and exploitation. The generalized ex-

pected improvement acquisition function balances exploration and

exploitation differently by taking the standard deviation (or uncer-

tainty) and raising it to the power 𝑔𝐸𝐼 . The value of 𝑔𝐸𝐼 determines

the balance between exploration and exploitation. A high value

of 𝑔𝐸𝐼 increases exploration while a small value of 𝑔𝐸𝐼 increases

exploitation. These acquisition functions, however, only work for a

surrogate that can also provide an uncertainty quantification. GP

by default has this built-in, RBFs by default do not. Fortunately, an

uncertainty quantification method has recently been introduced

for RBFs [3]. This allows the use of fast RBFs in combination with

an acquisition function that requires an uncertainty quantification

method to work.

2.2 Constraint Optimization
Constraints can be dealt with in many different ways [11]. Com-

mon constraint handling approaches [2] are (1) feasible solution

preference during the search, (2) unconstrained optimization with a

penalty function for constraint violations, (3) gradient-based repair

mechanisms, (4) constraint separation where the objective and con-

straint satisfaction is seen as two different optimization problems,

(5) and model-assisted approaches that use machine learning or

surrogates to model the constraints and this way only try to pro-

pose feasible solutions. The last approach is the most interesting

one as this can be used for computationally expensive problems.

Examples of algorithms that already apply such a constraint han-

dling methodology are the single objective SACOBRA algorithm [4]

and the multi-objective SAMO-COBRA algorithm [13]. These al-

gorithms model the constraints with RBFs and then optimize the

acquisition function while at the same time, the constraint surro-

gates are used to guide the solution to a feasible region.

Besides using surrogates for constraints, in some other algo-

rithms, the constraints are computationally inexpensive and can be

used directly in the search for promising and feasible solutions. One

such algorithm is theMode Pursuing Sampling (MPS) algorithm [33]

which models the objective function with quadratic regression. It

uses the constraints functions directly and then proposes solutions

around the estimated feasible optimum. By iteratively updating the

regression model it tries to find the global optimal feasible solu-

tion. Another algorithm that uses the constraints directly is the

IC-SA-NSGA-II algorithm [5]. This algorithm is a multi-objective

variant that uses the constraints directly to check if the solutions

proposed by NSGA-II [14] are feasible according to the inexpen-

sive constraints, and to check the dominance of the solution the

algorithm uses RBFs as a surrogate for the objective functions.

3 MODULAR OPTIMIZATION FRAMEWORK
The pseudocode of the Modular Adaptive Global Optimization

Framework (MAGOF) is presented in Algorithm 1. The evaluation

method and strategy are described in more detail in Algorithm 2 and

Section 3.3. The input, the overall explanation of the pseudocode,

and the working of the framework are described in more detail in

the following subsections.
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3.1 Input parameters
The input arguments for the modular framework are: (1) Objec-
tive function 𝑓 (x) that is to be minimized. The objective function

is defined by the user as expensive 𝑓𝑒 (x), or inexpensive 𝑓𝑐 (x).
(2) Constraint function(s) g(x) that consist of𝑚 separate con-

straint functions, where 𝑚 ≥ 1. The constraint function(s) are

either defined by the user as expensive g𝑒 (x), or inexpensive g𝑐 (x).
The constraint functions return the constraint violation, meaning

that constraint values 𝑔(x) ≤ 0 are defined as feasible. (3) Input
space Ω ⊂ R𝑑 that is limited by the lower and the upper boundary

[x𝑙𝑏 ,x𝑢𝑏 ]. (4) Initial sample strategy and sample size 𝑁𝑖𝑛𝑖𝑡 and

DoE define how many samples are evaluated in the design of ex-

periments. This should at least be larger than 𝑑 + 1. (5) Evaluation
budget 𝑁𝑚𝑎𝑥 defines how many expensive function evaluations

are allowed to be evaluated. (6)RBF strategy domain, Φ = {𝐶𝑢𝑏𝑖𝑐 ,
𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛, 𝑀𝑢𝑙𝑡𝑖𝑞𝑢𝑎𝑑𝑟𝑖𝑐 , 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝑄𝑢𝑎𝑑𝑟𝑎𝑡𝑖𝑐 , 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝑀𝑢𝑙𝑡𝑖𝑞𝑢𝑎𝑑𝑟𝑖𝑐 ,

𝑇ℎ𝑖𝑛𝑃𝑙𝑎𝑡𝑒𝑆𝑝𝑙𝑖𝑛𝑒} × {Plog, 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑}. The RBF strategy do-

main defines the different surrogates that are used in every iteration

to model the computationally expensive functions. (7) Parallelism
𝑝 , is the number of solutions that can be evaluated in parallel. Paral-

lelism is not required as 𝑝 can also be 1. (8) Acquisition function
𝛼 that is used to find promising solutions. The acquisition function

uses the surrogates or the inexpensive functions directly to find 𝑝

promising solutions for evaluation. (9) Constraints first indica-
tor that defines if the constraints should all be satisfied before the

objective function can be evaluated.

3.2 Design of Experiments
The framework in Algorithm 1 starts in line 2 by creating a Design

of Experiments (DoE). The size and the strategy for the DoE can be

chosen by the user and can be random, a latin hypercube sample, so-

lutions on the boundaries, or a Halton sample. Each of these sample

strategies has its strengths, however, an empirical comparison by

Bossek et al. [6] showed that an as small as possible initial Halton

sample [22] is in most cases the most efficient strategy. It is also

possible to start with an initial sample that is already evaluated.

3.3 Evaluation of the solutions
On lines 3 and 14 of Algorithm 1 the solutions that are proposed by

the DoE, or after optimizing the acquisition function, are evaluated

as described in the evaluate Algorithm 2. The approach is dependent

on the inexpensiveness of the constraint and objective functions.

There are 3 levels of expensiveness. (1) the function can be eval-

uated almost instantly and can therefore be evaluated millions of

times (it must at least be faster than fitting and interpolating an RBF

surrogate model). (2) the function requires a little bit of evaluation

time and can therefore not be evaluated numerous times and eval-

uating them millions of times is too costly. Function evaluations

of level 2 for example require a few seconds up to a few minutes

and are significantly less costly compared to the most expensive

evaluations. (3) the function is computationally expensive and the

evaluation budget is very limited e.g. computational fluid dynamic

simulations or finite element analysis that can take up to hours on

a cluster to evaluate.

The inexpensive functions level 1 are used directly in the op-

timization algorithm, see Section 3.5. If the constraints are inex-

pensive level 2, they are evaluated first before the computationally

expensive functions. Only if the constraints are satisfied, the expen-

sive functions (level 3) are evaluated. If the constraints are violated,

a null is stored instead of the expensive outcome. This way, in

the next iteration of MAGOF the RBF surrogates for the expensive

functions remain the same as in the previous iteration while for

the inexpensive functions level 2 the RBF surrogates are updated.

3.4 Radial Basis Functions
In every iteration of MAGOF, surrogates are fitted to approximate

the constraint and objective functions (line 9 of Algorithm 1). How-

ever, there are many kernel options and scaling techniques avail-

able when fitting RBF surrogates and each option can be good for

different scenarios. Therefore, RBF surrogates are fitted with the fol-

lowing kernels:𝐶𝑢𝑏𝑖𝑐 ,𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛,𝑀𝑢𝑙𝑡𝑖𝑞𝑢𝑎𝑑𝑟𝑖𝑐 , 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝑄𝑢𝑎𝑑𝑟𝑎𝑡𝑖𝑐 ,

𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝑀𝑢𝑙𝑡𝑖𝑞𝑢𝑎𝑑𝑟𝑖𝑐 , 𝑇ℎ𝑖𝑛𝑃𝑙𝑎𝑡𝑒𝑆𝑝𝑙𝑖𝑛𝑒 and two different scaling

strategies are used to scale the constraint and objective values. The

standardization method is used so that the uncertainty quantifica-

tion method can be used for the RBFs. The Plog transformation

from Equation 2 is selected so that the RBFs can better model steep

slopes. For each combination of these kernels and transformation

methods, a surrogate is fitted which results in a total 12 RBF sur-

rogate models per expensive function. In every iteration, the RBF

strategy with the smallest approximation error is selected (line 5

and 15 of Algorithm 1) and the RBF approximation errors are stored.

Plog(𝑦) =
{
+ ln(1 + 𝑦), if 𝑦 ≥ 0

− ln(1 − 𝑦), if 𝑦 < 0

(2)

3.5 Acquisition Function Optimization
The acquisition functions integrated into the framework are: the

expected improvement acquisition function [23], the generalized

expected improvement acquisition function [26] for parallel evalu-

ations when 𝑝 > 1, and the purely exploitative acquisition function

that predicts the objective value with the RBF surrogate without un-

certainty. This acquisition function is optimized with the COBYLA

algorithm [27]. COBYLA is a single objective optimization algo-

rithm that optimizes an optimization problem with constraints by

linearly approximating the acquisition function and the most vi-

olated constraint in a small trust region. COBYLA finds the most

promising solution in this trust region, then checks the constraint

and objective values, and iteratively adjusts the trust region until

the trust region is so small and the local optimum is found.

For the functions with expensiveness levels 2 and 3, COBYLA

is instructed to use the surrogate models when optimizing the

acquisition function. The inexpensive functions (level 1) that can be

calculated instantly, are directly used by COBYLA when optimizing

the acquisition function. The usage of the inexpensive functions

is beneficial because they don’t make approximation errors that

surrogate models make. Note that during the optimization of the

acquisition function, the inexpensive functions (or surrogate for

expensive functions) are evaluated many times.

Because COBYLA is a local optimizer, the COBYLA algorithm

starts searching from multiple random locations. This makes it

more likely that the global optimum is found.
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Algorithm 1: MAGOF.

Input: Objective function 𝑓 (x), that can be computationally expensive 𝑓𝑒 (x) or computationally inexpensive 𝑓𝑐 (x), constraint
function(s) g(x), split where required into expensive constraint function(s) g𝑒 (x), computationally inexpensive constraint function(s)

g𝑐 (x), decision parameters’ lower and upper bounds [xlb, xub] ⊂ R𝑑 , sampling strategy DoE, number of initial samples 𝑁𝑖𝑛𝑖𝑡 ,

maximum evaluation budget 𝑁𝑚𝑎𝑥 , RBF strategy domain consisting of 12 RBF strategies Φ = {𝐶𝑢𝑏𝑖𝑐 , 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛, 𝑀𝑢𝑙𝑡𝑖𝑞𝑢𝑎𝑑𝑟𝑖𝑐 ,

𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝑄𝑢𝑎𝑑𝑟𝑎𝑡𝑖𝑐 , 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝑀𝑢𝑙𝑡𝑖𝑞𝑢𝑎𝑑𝑟𝑖𝑐 , 𝑇ℎ𝑖𝑛𝑃𝑙𝑎𝑡𝑒𝑆𝑝𝑙𝑖𝑛𝑒} × {Plog, 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑}, number of solutions that can be evaluated in

parallel 𝑝 , acquisition function 𝛼 , constraint first indicator 𝑐 𝑓 𝑖𝑟𝑠𝑡 .

Output: Evaluated solutions.

1 Function MAGOF(𝑓 , g, x𝑙𝑏 , x𝑢𝑏 ,DoE, 𝑁𝑖𝑛𝑖𝑡 , 𝑁𝑚𝑎𝑥 , Φ, 𝑝 , 𝛼 , 𝑐 𝑓 𝑖𝑟𝑠𝑡):
2 x∗ ← {x1, · · · , x𝑁𝑖𝑛𝑖𝑡

}← DoE (x𝑙𝑏 , x𝑢𝑏 , 𝑁𝑖𝑛𝑖𝑡 ) ⊲ Generate initial Design of Experiments, X ∈ R𝑑×𝑁𝑖𝑛𝑖𝑡

3 F,G,X← Evaluate(x∗, 𝑓 , 𝑔, 𝑝, 𝑐 𝑓 𝑖𝑟𝑠𝑡 , 𝑁𝑖𝑛𝑖𝑡 , F = [],G = [],X = []) ⊲ Evaluate initial sample and initialize archives F, G and X

4 h← {𝑓𝑒 ∪ g𝑒 } ⊲ Union of expensive objective and constraint functions

5 φ∗ ←
(
φ1, . . . ,φ |h |

)
← (𝐶𝑢𝑏𝑖𝑐, 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑) |h | ⊲ Initialize RBF strategy for all expensive functions, φ∗ ∈ Φ

6 E𝑖, 𝑗 ← 0 ∀(𝑖, 𝑗) ∈ h × Φ ⊲ Initialize RBF approximation errors for each possible RBF configuration(Φ) for all expensive functions(h)

7 𝑗 ← 𝑁𝑖𝑛𝑖𝑡 ⊲ Initialize expensive evaluation counter

8 while 𝑗 < 𝑁𝑚𝑎𝑥 do
9 SΦ ←

(
𝑆
Φ1

ℎ1

, . . . , 𝑆
Φ12

ℎ |h|

)
← {FitRBF(X, ℎ,Φ, xlb, xub) | ∀ℎ ∈ h} ⊲ Fit RBFs using all strategies(Φ) for all expensive functions(h)

10 Sφ
∗ ←

(
𝑆∗
1
, . . . , 𝑆∗|h |

)
⊲ Select best RBF strategy based on line 5 or 15

11 x∗
1
, . . . , x∗𝑝 ←Max(𝛼 , 𝑝 , Sφ

∗
, 𝑓𝑐 , g𝑐 ) ⊲ Get 𝑝 new solutions based on acquisition function 𝛼, use cheap functions 𝑓𝑐 and g𝑐 directly

12 𝑗 ← 𝑗 + 𝑝 ⊲ Increase iteration counter to new matrix sizes

13 X←
[
X, x∗

1
, . . . , x∗𝑝

]
⊲ Add p new solution vectors, X ∈ R𝑑× 𝑗

14 F,G,X← Evaluate(x∗, 𝑓 , 𝑔, 𝑝, 𝑐 𝑓 𝑖𝑟𝑠𝑡 , 𝑗, F,G,X) ⊲ Evaluate new solutions

15 φ∗, E←SelectBestRBFStrategy(E, 𝑆Φ, F,G,X) ⊲ Update RBF approximation errors E, and new best RBF configuraiton φ∗

16 end
17 return (F, G, X)

Algorithm 2: Evaluate.
Input: Solutions x∗ to be evaluated, Objective function 𝑓 (x), that can be computationally expensive 𝑓𝑒 (x) or computationally

inexpensive 𝑓𝑐 (x), constraint function(s) g(x), split where required into expensive constraint function(s) g𝑒 (x), computationally

inexpensive constraint function(s) g𝑐 (x), number of solutions that can be evaluated in parallel 𝑝 , constraint first indicator 𝑐 𝑓 𝑖𝑟𝑠𝑡 ,

objective values of evaluated solutions F, constraint values of evaluated solutions G, evaluated solutions X.
Output: Evaluated solutions.

1 Function Evaluate(x∗, 𝑓 , g, 𝑝 , 𝑐 𝑓 𝑖𝑟𝑠𝑡 , 𝑗 , F, G, X):
2 G←

[
G, g𝑐 (x∗

1
), . . . , g𝑐 (x∗𝑝 )

]
⊲ Add vectors of evaluated inexpensive constraints, G ∈ R𝑚× 𝑗

3 if not 𝑐 𝑓 𝑖𝑟𝑠𝑡 then
4 F←

[
F, 𝑓𝑒 (x∗

1
), . . . , 𝑓𝑒 (x∗𝑝 )

]
⊲ If constraints do not need to be satisfied first, add vectors of evaluated objectives, F ∈ R𝑗

5 G←
[
G, g𝑒 (x∗

1
), . . . , g𝑒 (x∗𝑝 )

]
⊲ Add vectors of evaluated expensive constraints, G ∈ R𝑚× 𝑗

6 else
7 for x𝑖 ∈ {x∗

1
, . . . , x∗𝑝 } do

8 if g𝑐 (x𝑖 ) ≤ 0 then
9 F← [F, 𝑓𝑒 (x𝑖 )] ⊲ If cheap constraints need to be satisfied first, only add objective value of feasible solutions.

10 G← [G, g𝑒 (x𝑖 )] ⊲ If cheap constraints need to be satisfied first, only add constraint value of feasible solutions.

11 else
12 F← [F, 𝑛𝑢𝑙𝑙] ⊲ If constraints are violated, don’t evaluate and add null

13 G← [G, 𝑛𝑢𝑙𝑙] ⊲ If constraints are violated, don’t evaluate and add null

14 end
15 return (F, G, X)
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4 EXPERIMENTS
We conduct two types of experiments. The first experiment focuses

on the performance of MAGOF with its different options on the

G-problem test suite [17, 24]. In the second experiment, two real-

world ship design optimization problems are optimized. In the

first real-world problem, a bulbous bow of an existing container

ship is optimized for minimum power requirements in different

operating conditions. The second real-world optimization problem

is a resistance minimization study conducted for a passenger vessel.

4.1 G-Problem experimental setup
The G-Problems (G1 to G11 from [17, 24]) are selected as an ar-

tificially created benchmark suite to validate the performance of

MAGOF. A Python implementation of the G-Problems is taken from

the CEC 2006 Special Session on Constrained Real-Parameter Opti-

mization [19]. The G-problems considered have between 1 and 9

constraints and between 2 and 20 decision parameters, and all are to

be minimized. The optimal solutions are known for all G-problems,

some problems have active constraints at the optimum, while other

optima are somewhere in the feasible region. The feasibility ratio

of the G-Problems varies between less than 1% feasible and 99%

feasible per test problem. More details regarding the G-Problems

can be found in e.g. [4, 17, 24]. Evaluation of the constraint and the

objective functions of the G-problems are computationally inexpen-

sive. However, for the experiments, it is assumed that the objectives

are computationally expensive to evaluate.

To test the functionality of the mixed expensiveness, four differ-

ent configurations of MAGOF are tested with different infill criteria

and different inexpensive function handling techniques.

1 Traditional The "traditional" configuration uses MAGOFwith-

out any special treatment and/or separation of expensive versus

inexpensive functions. The objective and constraint methods are

considered equally expensive which in MAGOF means that in every

iteration the RBFs are fitted for the constraints and objective, the

best RBF strategy is selected, and then the default acquisition func-

tion is optimized. The resulting solution is computed and evaluated

with the constraints and the objectives.

2 Constraints First: The "constraints first" configuration of

MAGOF utilizes the adjustment in the evaluation strategy as pre-

sented in Algorithm 2. In this configuration it is assumed that the

constraints evaluations are computationally way less expensive

compared to the objective evaluation. In every iteration, the RBFs

are fitted, the best RBF strategy is selected, and the default acquisi-

tion function is optimized using the surrogates. The solution that

is proposed is now evaluated first on the constraints. In case any

of the constraints are violated, the objective function is not evalu-

ated and the next iteration starts. In case the constraints apply the

objective function is evaluated.

3 Constraints Integrated: The "constraint integrated" configu-
ration in MAGOF is not conventional as instead of fitting RBFs for

the constraints, the constraints are directly used when optimizing

the acquisition function because it is assumed that the constraint

function evaluations are computationally cheaper than fitting an

RBF and making predictions with RBFs. The RBFs are now only

used to model the objective function since the objective function

evaluation is assumed to remain computationally expensive.

4 Parallel: The "parallel" configuration of MAGOF does not as-

sume inexpensive constraints or objectives and therefore uses RBF

models to model the assumed expensive constraint and objective

functions. After the RBF models are fitted, the best RBF approx-

imation is selected, and the generalized expected improvement

acquisition function is optimized. The hyperparameter (𝑔𝐸𝐼 ) of the

acquisition function is set in such a way that one solution proposed

by the algorithm is purely exploitative (𝑔𝐸𝐼 = 0), one is explorative

and would be most similar to solutions proposed by the expected

improvement acquisition function (𝑔𝐸𝐼 = 6), and one solution is a

balance between exploitative and explorative (𝑔𝐸𝐼 = 3). This way,

the generalized expected improvement acquisition function can

be used to propose 3 different solutions. After the solutions are

proposed, they are evaluated in parallel with both the objective and

constraint functions.

All configurations start with an as small as possible initial Halton

sample as a DoE. After the DoE the first 3 configurations are allowed

to do a total of 300− |DoE| iterations for the non-parallel configura-
tions. The configuration that proposes 3 solutions per iteration was

allowed to do an additional 100 iterations. This way each algorithm

configuration has in theory the possibility to do 300 objective func-

tion evaluations. Note that the configuration with constraint first,

does not necessarily use all these 300 objective evaluations since

in the 300 iterations, this configuration also sometimes proposes

infeasible solutions. The constraints integrated configuration uses

a lot more constraint function evaluations since when optimizing

the acquisition function, the constraints are evaluated many more

times.

4.2 Bulb Optimization Problem
The first real-world ship design optimization problem is a refit of an

existing container vessel with a container capacity of around 10 000

standardized containers. Due to increasing fuel prices and more

strict emission regulations, this vessel must reduce its operational

speed since sailing at the design speed is costly and emits too

much greenhouse gas. To sail efficiently at the different operational

conditions, the vessel required a bulbous bow (in short bulb) refit.

This bulb refit is done by cutting the current bulb off and welding a

new optimally shaped bulb back in place. However, optimizing the

bulb for all different loading conditions and speeds would lead to

four different optimal bulb shapes. Therefore, the goal of this study

is to find the bulb that performs well on (a weighted) average on

all four conditions.

MAGOF is used to optimize the bulb design. In this experiment,

the optimization process used an as small as possible initial Halton

sample during the design of experiments, in every consecutive iter-

ation the best RBF transformation strategy and kernel are chosen,

and a purely exploiting infill criteria is used to find promising so-

lutions in the adaptive sampling steps. If no improvements have

been found for three consecutive iterations, the algorithm switches

to an exploring infill criterion.

The design freedom is defined by where the current bulb is cut

off. The main cutting line is located at the design draft and 24 me-

ters aft from the foremost section of the bulb. The remainder of the

hull should remain intact and can not be modified. The new bulb of

the vessel is designed and parameterized in Rhino with the rapid
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hull modeling technique [20]. The bulb can be modified by varying

6 parameters that define the bulb length, height, and width at two

locations, and by changing the overall contour lines of the bulb.

The objective is defined by a weighted sum of the required power

that is needed to reach four different speeds with different loading

conditions and therefore different drafts. The weighted sum of the

four different conditions is chosen as the objective function so that

this bulb will perform good in all four conditions. However, this

did mean that the complete hull had to be evaluated with Reynolds

Averaged Navier-Stokes Equation (RANSE) analysis in the Star-

CCM+ software [28] for all four conditions. The mesh for the vessel

consists of between 1.7 and 3.7 million cells depending on the speed

and draft of the calculation. For this optimization challenge the

new algorithm is coupled with a high-performance computer on

the Microsoft Azure cloud with 120 CPUs. One RANSE calculation

in Star-CCM+ of the complete hull required approximately 20 min-

utes, since there are 4 different conditions one iteration required 1

hour and 20 minutes of computation time on the high-performance

machine.

4.3 Roll-on/Roll-off Ferry Hull Optimization
After an operational data analysis study and a feasibility study for

alternative fuels, an initial non-optimized design is made by C-Job

naval Architects for a fully battery-powered Roll-on/-Roll-off (Ro-

Ro) ferry with a capacity of 800 passengers [8, 9]. This vessel is

designed to sail between the Saronic islands and the port of Piraeus.

A render of this C-Job design is presented in Figure 1.

Figure 1: Render of Saronic Roll-on/Roll-off ferry designed
and created by C-Job Naval Architects.

As this is a battery-powered design the vessel requires an opti-

mized hull. To accomplish the energy-efficient hull, the hull form is

optimized for minimal resistance at design speed. However, three

imposed restrictions limit the search space of the to-be-designed

hull: (1) the hull above the waterline is only allowed to be modified

marginally, (2) the displacement of the new hull design should be

equal to or larger than the original hull displacement to be able to

carry the passengers, vehicles, parcels, and all equipment, (3) the

Longitudinal Centre of Buoyancy (LCB) should remain within 1%

of the original hull to keep a good trim, heel, and intact stability

without the need to move heavy components around.

With these conditions, two independent experiments are set

up. In the first experiment experienced naval architects with hy-

drodynamic experience manually optimized the hull for minimal

resistance at the design speed. In the second completely indepen-

dent experiment (no communication between the two groups), the

vessel is parameterized and optimized with MAGOF. For the exper-

iment with MAGOF the hull is parameterized below the waterline

varying the following seven parameters (𝑑 = 7): (1) transom height,

(2) the transom angle, (3) the start of the midship in the longitudinal

direction, (4) the shoulder location in the longitudinal direction, (5)

the bulb size (can be 0 which results in a design without a bulb), (6)

the bulb width, (7) and finally the foreship width.

The design variants are again designed and parameterized in the

Rhino software by using the rapid hull modeling technique [20].

After generation the three computationally relatively inexpensive

constraints are also calculated in the Rhino software. Finally, the

hull is exported to evaluate the computationally expensive objective

in the Star-CCM+ software on a High-Performance Computer with

120 cores in the Microsoft Azure cloud. (20 minutes per evaluation).

The constraints are computationally relatively inexpensive and

require communication between a software packages which totals

up to approximately 5 seconds. Because of this they can not be

called many times directly in the optimization algorithm. However,

the constraints are computationally much cheaper compared to the

objective. Therefore, the constraint-first methodology of MAGOF

is used by setting the 𝑐 𝑓 𝑖𝑟𝑠𝑡 = 𝑇𝑟𝑢𝑒 parameter that make sure

that the constraints are satisfied before the objective function is

evaluated. Since the exploiting strategy proved to be effective, the

predicted value is set as the acquisition function in MAGOF. The

most promising solution according to the acquisituion function is

evaluated first on the constraints, and only if the design variant

is feasible according to the constraints the objective is evaluated.

If the constraints are infeasible only the constraint surrogates are

updated. This process continues until the algorithm has converged

and no significant improvements are found for several consecutive

iterations.

5 RESULTS
In Table 1 the results are presented for the G-problem test suite. In

this table, the mean smallest objective scores of the feasible solu-

tions are presented after 10 independent runs of MAGOF with the

four different options. Besides the mean objective score, the number

of required function evaluations is reported that was required to

reach the minimum. Please refer to [19] for the complete set of

minima for all functions. A red cross (x) indicates that the optimum

was not found within 300 evaluations.

Inspection of the results shows that in the majority of the prob-

lems using the cheap constraints directly in the optimization al-

gorithm when optimizing the acquisition function is beneficial in

terms of execution time and convergence. The other option where

the constraints are first evaluated to check for feasibility before the

objective function is evaluated also shows better results compared

to the conventional approach where the objective is evaluated to-

gether with the constraints. The option to propose 3 solutions in

parallel with the generalized expected improvement acquisition

function does not show good results. It was expected upfront that
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Function Traditional Constraint Constraint Parallel

First Integrated P=3

G01 fv −15.00 −15.00 −15.00 −13.54
fe 28 24 22 x

G02 fv −0.304 −0.304 −0.383 −0.304
fe x x x x

G03 fv −0.000 −0.089 −0.006 −0.000
fe x x x x

G04 fv −30665 −30665 −30665 −30665
fe 26 19 11 111

G05 fv 5126.5 5126.5 5126.5 5126.5

fe 41 12 10 x

G06 fv −6957 −6959 −6959 −6956
fe x x x x

G07 fv 24.306 24.306 24.306 35.479

fe 34 22 21 x

G08 fv −0.096 −0.096 −0.096 −0.096
fe 13 30 28 100

G09 fv 680.63 1186.8 680.64 1597.8

fe 240 x 89 x

G10 fv 7114.3 7088.6 7049.3 9233.1

fe x x 65 x

G11 fv 0.7500 0.7500 0.7500 0.7500

fe 7 5 5 12

Table 1: Themeanminimum encountered objective score (fv),
and the mean objective function evaluations (fe) required
to find the optimal value (a x indicates the known optimal
value was not reached in 300 function evaluations). Four dif-
ferent MAGOF configurations are compared. The results on
the "traditional", "constraint first", "constraints integrated",
and the "parallel" configuration are presented. The best com-
bination of fv and fe are marked in bold per G-problem. All
G-problems are optimized in 10 independent optimization
runs.

when proposing multiple solutions for parallel evaluation (and this

way save computation time), the number of iterations of the algo-

rithm could be reduced. However, the number of required iterations

and therefore also the number of function evaluations is higher

compared to the other approaches.

On the G08 test problem, the traditional approach finds the

optimum in less required objective evaluations compared to the

other approaches. It is assumed that the reason for this quick con-

vergence is that the information gathered from the evaluated in-

feasible solutions is of great value for this optimization problem.

The information from the infeasible evaluated solutions is missing

when the constraint first configuration or constraints integrated

configuration is used in MAGOF.

5.1 Bulb Optimization Results
Traditionally, a bulb is designed taking into account the principle of

interacting waves [29]. This principle of interacting waves involves

shaping the bulb to minimize wave resistance by strategically man-

aging the interaction between waves generated by the bulb and the

hull of the ship [10]. The waves generated by the bulb are intended

to cancel the other waves out so that in total, there is less wave

resistance.

With this principle in mind, the first experiment is conducted.

MAGOF used 7 initial Halton Samples, and 38 adaptive sampling

steps before terminating the experiment. MAGOF converged to sev-

eral similar optimal solutions that were all found on the boundary

of the design space and the bulb was much smaller than initially

expected. Analysis of the results showed that the principle of in-

teracting waves didn’t hold because typically an ideal-size bulb

works best in one condition at one draft. However, when a bulb is

optimized for multiple different drafts and different speeds, there is

not one bulb design that generates the perfect wave for all different

conditions. Upfront, it was expected by the naval architects, that

a large bulb that generates a large wave would have on average

the best performance in all conditions. This turned out to be not

true as the interaction didn’t work in all conditions the same and

in some conditions made it worse. Therefore, a second experiment

was set up that allowed even smaller bulb sizes.

In the second parameterization setup, the bulb is parameterized

by only the height and width parameter. After a second run with a

search space that allowed for smaller bulb sizes, the optimization

was successful because the algorithm converged to an optimal

solution that was not on the boundary of the design space. For the

optimal bulb configuration found by the algorithm, some manual

fairing is done to create smooth and continuous hull lines without

bumps and irregularities at the transition point between the hull

and the bulb. After some manual fairing and checking a few extra

operating conditions, the second optimization run resulted in a bulb

that in total for all conditions considered had 4.8% less required

power compared to the original design. The largest reduction was

found in the operating conditions that deviated the most from the

original design condition which had a significantly higher speed.

In Figure 2 the free surface plot is made of the original bulb (left)

and the new bulb (right) in one of the four operating conditions. The

color indicates the height of the water at that location (Red shows

a crest, while blue shows a trough). As can be concluded from the

figure, the waves that are generated with the new proposed bulb

are especially in the front less extreme compared to the original

hull.

Figure 2: Free surface plot of the original bulb (left) and the
new bulb (right). The color indicates the height of thewater at
that location (Red shows a crest, while blue shows a trough).

5.2 Ferry Hull Optimization Results
After 10 initial samples, the algorithm was allowed to do 110 more

evaluations. In the design of experiments, not a single feasible solu-

tion is found, however, the first solution proposed by the algorithm

1721



GECCO ’24 Companion, July 14–18, 2024, Melbourne, VIC, Australia Roy de Winter, Thomas Bäck, and Niki van Stein

was immediately feasible. After enough feasible solutions (𝑑 +1 = 8)

are found to fit a first surrogate model for the objectives, the al-

gorithm started also optimizing the objective score. In total out of

the 120 evaluations 21 feasible hulls are found. The convergence

plot of the feasible solutions is shown in Figure 3. The convergence

plot also shows exactly what was expected. The first 8 feasible

designs still show a relatively high objective value as the algorithm

is not minimizing the objective score yet but putting its attention

to finding feasible solutions. After the algorithm has seen enough

solutions to learn from (8 in this case since there are 7 parameters),

the algorithm started minimizing the objective value.
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Figure 3: Convergence plot of the feasible solutions. Objective
score in % compared to the original design.

The best of the 21 feasible hulls had a 26% smaller resistance

value compared to the original non-optimized design. In this ex-

periment, the principle of interacting waves worked much better

since the vessel was optimized for one speed only. This resulted in

a significant bulb that was added in front of the vessel as shown in

Figure 4.

Figure 4: Hull found by the optimization algorithm.

As described earlier, besides the experiment with the algorithm,

naval architects with hydrodynamic experience also independently

optimized the hull of the ferry. In their experiment, they used their

creativity to design the underwater part of the hull in a completely

different way. The engineers chose a knuckle line and fitted the bulb

under the bow flare instead of in front of the ship. After their choice,

the naval architects used a total of 8 CFD evaluations and found a

hull with almost identical objective value (a 26% reduction). The

final optimized hull of the naval architects is displayed in Figure 5.

When compared to the design proposed by the optimization

algorithm, the hull designed by the naval architects is better for a

practical reason. As this is a Ro-Ro ferry, vehicles have to roll on

and roll off the ship. When a bulb is in front of the ship, the ramp

Figure 5: Proposed hull design by naval architects.

that the vehicles use to enter en to exit the ship should be longer

compared to when the bulb is under the bow flare. The downside of

the design with the knuckle line is that it might be more complex

to build.

Although the hull from the naval architect and the optimization

framework both had a 26% smaller resistance score compared to the

original hull, the hull from the naval architect had practical benefits.

Therefore the hull of the naval architect is preferred above the hull

proposed by the optimization algorithm. The conclusion that can be

drawn from this experiment is that the parameterization part of any

optimization problem is themost important part when optimizing. If

not all constraints are captured, the practical application is ignored,

or the objective function does not perfectly represent the true goal

then optimization algorithms can converge to less ideal solutions.

Therefore, human experience remains important and the algorithm

can only find as good solutions as the parameterization allows.

6 CONCLUSION AND FUTUREWORK
In this work, the Modular Adaptive Global Optimization Frame-

work (MAGOF) is introduced. MAGOF can solve constraint single

objective problems with a mix of computationally expensive and

computationally inexpensive constraint and objective functions.

MAGOF uses RBF surrogates for expensive functions, the inexpen-

sive functions can directly be used when searching for promising

solutions with an acquisition function. Besides this, a strategy is

added to MAGOF that enforces the feasibility of the inexpensive

constraints before computationally expensive objective and/or com-

putationally expensive constraints are evaluated. MAGOF with the

inexpensive constraints used directly when optimizing the acqui-

sition function showed to be the most promising option when

optimizing the G-Problem test suite.

Besides testing the algorithm on the G-problems, two real-world

ship design problems are optimized. Provided with the parameter-

ization, the constraint functions, and the objective function, the

optimization framework was able to find feasible solutions with a

good objective score. In both real-world experiments, it was con-

cluded that the first parameterization of the solutions did not lead

to the expected result which led to a different parameterization

setup and a second optimization run. This shows that optimiza-

tion experts and designers should continue to work together to be

able to solve real-world optimization problems. In the future, more

research is required on how to effectively propose multiple solu-

tions in parallel with other batch acquisition functions described in

e.g. [1, 21, 35]. Secondly, more research is required on setting up

the parameterization of optimization problems.
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