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Wind turbines play an integral role in energy transition agendas. The optimized design of wind turbine foun-
dations is a complex and intricate task that requires iterative running of computationally-intensive and time-
consuming finite element models. However, given the popularity of these structures over the past two de-
cades, there is a wealth of data from the designs of the past projects that can be used for the data-driven modeling
of these structures. Given the demonstrated accuracy and success of metamodels as an alternative approach for
other computationally-intensive simulation-based problems, this study aims to develop a generative-design
framework for the optimization of wind turbine foundations using a metamodel, as a complementary step to
more accurate finite element modeling, to reduce the overall design time without compromising the accuracy. To
this end, first, the random forest method is used to develop a multi-output metamodel for the wind turbine
foundations based on a set of historical data. Then, a metaheuristic method, i.e., NSGA II, is adopted to optimize
the design process based on the developed metamodel. In a case study, a wind turbine foundation was designed
using the proposed framework and the accuracy of the output was assessed in terms of the ultimate bending
moment. The results of the case study indicate that the proposed method provides a significant time gain (i.e.,
99.93%) without compromising the accuracy (i.e., 1.75% for the percent error). Besides, the conducted study
also offers designers a better understanding of the importance of each design variable and how certain design

variables influence the moment-rotation behavior of the wind turbine foundation

1. Introduction

The awareness about increasing anthropogenic climate change has
created a strong momentum in many countries to devise and adopt en-
ergy transition strategies to shift from fossil fuels to renewable energy
[1]. A typical resource is wind energy, which is widely accepted as the
fastest growing renewable energy source because of its availability,
greenness, and cost-efficiency [2]. The kinetic energy from wind is
captured by wind turbines, which play an integral role in harnessing
wind energy. Over the past two decades, new installations and in-
vestments in wind energy boosted sharply. In 2019, approximately 15.4
GW of wind power capacity has been installed within European coun-
tries, expanding the total wind energy capacity in Europe to 205 GW,
which accounts for 15% of the total electricity consumed in Europe in
2019 [3]. In order to continuously grow the share of wind energy in the
new energy market, it is critical to keep expanding the wind turbine grid
[4]. To realize this goal, a large number of new wind turbines need to be
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designed and installed. Therefore, it is essential to pay more attention to
the design of wind turbines to shorten the construction process without
compromising structural performance.

Wind turbines can either be onshore or offshore. Although winds are
stronger and more stable in the offshore areas, onshore wind turbines
still dominate the market. This is because offshore wind turbines are
relatively more complex and costly to install and maintain [5]. Nearly
75% of the newly installed wind turbines in 2019 in Europe were
onshore, making up 89% of the wind turbine capacity [3]. The design
and construction of onshore wind turbines may strike as straightforward
and repetitive. However, the unsteady aerodynamic effects caused by
the reaction between the turbulent wind and blade section and the
strongly coupled engineering system of wind turbines render the design
process complex [6-8]. Among the structures consisted in the wind
turbine system, early studies have illustrated the importance of the wind
turbine foundation for the dynamic characteristics of the system [9].
Currently, static analysis is still commonly used for the design
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optimization of wind turbine foundations. This analysis focuses on
finding optimal solutions using non-linear analysis, under static load
cases, constraints, and objectives [7,10]. Considering the difficulties of
solving non-linear problems, approximation and reduction will be made
to simplify the problems using computerized numerical methods such as
finite element analysis (FEA), which can provide more accurate models
to approximate the actual behavior of the structure [11]. However,
although the usage of other computational approaches such as para-
metric design streamlines the process, the design optimization still re-
quires many iterations, analysis, and fine-tuning of the design until the
best option is generated under the constraints and objective functions.
Furthermore, because the simulation using FEA is time-consuming and
computationally expensive, it is difficult to run a considerable number of
analyses and evaluate different design alternatives.

For the past few years, due to the expansion of the wind turbine
network, a wealth of data has been generated from the designs of the
wind turbine foundations. Potentially, this database can be used to guide
new designs towards optimality without going through a lengthy opti-
mization process. However, this would require a metamodel that can
correlate initial input to corresponding output and mathematically
approximate the complex simulation model. This metamodel can be
then used for rapid optimization. As a popular engineering method,
metamodeling refers to the development of response surface surrogates
to approximate the original simulation models using data-driven tech-
niques, where less intensive computation, reduced noisy output
behavior, and the provision of gradients can be expected [12-14].

Due to the rapid development of computer technologies, Machine
Learning (ML) approaches have shown the potential to tackle the
aforementioned problem. An ML model is developed through a self-
learning process where the training data is used to investigate and
identify patterns between a set of input and the output data [15].
Therefore, a significant time gain is expected by reducing the compu-
tational intensity caused by the current FEA simulation when the ML
model can predict a near-optimal design more efficiently. It has previ-
ously been observed that the application of metamodeling techniques
can greatly alleviate the extensive computational cost required for using
traditional simulation models in the design of wind turbine structures
[16-18]. For instance, Albanesi et al. [19] proposed a framework using
an Artificial Neural Network (ANN) to create a metamodel and reduce
the computational time in the optimization process of the composite
laminate of wind turbine blades. Ju et al. [20] compared three types of
ML algorithms, namely ANN, Support Vector Machine (SVM), and
Radial Basis Function (RBF), to replace the Monte Carlo simulation
method used for the uncertainty analysis of turbomachinery. Also, Kang
et al. [21] developed a SVM-based simulation method for the structural
reliability analysis of offshore wind turbine foundations. However, the
application of ML-based metamodeling techniques has so far been
limited to the superstructure of offshore wind turbines. Accordingly, the
application of metamodeling for the design of onshore wind turbine
foundations, to the best of authors’ knowledge, has not been fully
investigated in the literature. Therefore, the extent to which ML-based
metamodeling techniques can streamline the design process, and
thereby design optimization, of onshore wind turbine foundations is still
not fully known.

Although ML can be of significant help in the design process of the
wind turbine foundations, it should be highlighted that given the black-
box nature of ML models and also the safety, liability, and legal issues
that surround the design of assets, ML models cannot be used as a sub-
stitute for the traditional code-based design. It is important that a human
designer perform a thorough compliance check of the final design with
respect to structural mechanics, safety and cost. Nonetheless, ML models
can be used to shorten the iterative design process that aims towards
optimal design considerably by quickly directing the designer to the area
of optimal design. Theoretically, designers can use ML models to find a
much stronger starting point for their design iteration.

On this premise, this study aims to develop a generative design
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framework for the optimization of wind turbine foundations using a
multi-output ML-based metamodel, as a complementary step to the
more accurate finite element modeling, in order to reduce the overall
iterative design time. Generative design refers to the integration of a
simulation/assessment technique (e.g., a meta-model) with an optimi-
zation method to effectively explore the wide solution space and identify
the optimum design alternatives.

The following contents are organized as follows. In Section 2, a
literature review will be presented to provide insights into the theoret-
ical background of this research. The third section of this article is
concerned with the proposed method of metamodel development, while
Section 4 demonstrates a case study and corresponding results, which
can be used to validate the proposed method. Besides, Section 5 provides
the discussion according to the results obtained from the conducted case
study. The conclusion and future work are given in Section 6.

2. Literature review
2.1. Wind turbine foundation design optimization methods

As the supporting structure, the wind turbine foundation provides
both stability and stiffness to maintain the corresponding structural
requirement. Because of the interaction between the wind force and
rotor blades, a large moment and lateral loads will be induced and
transferred to the foundation, creating a strong tendency for the wind
turbine to overturn [8]. The design of the wind turbine foundation is,
therefore, highly sensitive to this aero-elastic effect, leading to extensive
nonlinearities. Besides, to have optimized designs for wind turbine
foundations, intending to reduce costs while safeguarding structural
stability, many variables and constraints need to be considered,
including the foundation geometry, the reinforcement configuration,
load factors, and the project-specific soil condition [7]. However, the
sheer number of pertinent parameters and variables significantly render
the optimization process a demanding task.

There is much research in the area of the design optimization of wind
turbine structures, particularly in computer-aided design optimization.
Previous studies on the design optimization of wind turbine structures
have formulated the design optimization problem mathematically to
enable the use of computer-aided, automated, and algorithmic ap-
proaches [21]. Among these approaches, the static analysis is most
widely used in the design optimization of wind turbine structures [7,11].
Typically, the objective of conducting this design optimization method
is minimizing the material usage of the structure without compromising
its structural performance. In order to solve the optimization problem
under static loads, the non-linear behavior of the structure must be
analyzed, thus arising the necessity of using numerical analysis methods
such as FEA. Generally, the optimization process under static loads is
iterative, because a number of convex approximations are required to be
solved [7].

2.2. Metamodel-based design optimization

FEA models are not very suitable for the gradient assessment of the
wind turbines because the structural response is too sensitive to changes
in the geometry of the structure. Therefore several researchers are
proposing the use of the simulation-based design optimization methods,
including metamodel-based techniques, heuristic methods, and sto-
chastic search [22,23].

Metamodel-based (or surrogate-model-based) techniques shows a
great potential. Fig. 1 represents how the metamodel interacts with the
original simulation model within the optimization process, by devel-
oping cheaper-to-run surrogates to fully or partly replace the original
simulation model process using mathematical functions [14]. The main
objective of adopting the metamodeling technique in design optimiza-
tion is to solve complex optimization problems under the computational
budget limitations. Because these techniques use the analytical
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Fig. 1. The general meta-model-based design optimization framework [14].

approach to approximate the solution of the objective function rather
than estimating the derivatives, they can explore the optimization space
much faster [14,24].

Great attempts have been made to apply metamodeling to the Ar-
chitecture, Engineering, and Construction (AEC) industry over the past
few decades to solve engineering problems. Moayedi et al. [25] pre-
sented a neural-metaheuristic-based metamodel to predict the soil shear
strength, which shows the efficiency of modeling the non-linearities of
the soil behavior and influential soil parameters. Also, neural-network-
based metamodels were deployed to predict the foundation capacity
[26-28]. In addition, numerous studies also indicated how the meta-
modeling techniques can solve other geotechnical engineering problems
with higher computational efficiency and better performance, including
the subsurface exploration, slope stability assessment, and landslides
assessment [29-31]. Bakalis et al. [32] demonstrated a low-fidelity 3D
surrogate model for the seismic performance assessment of liquid stor-
age tanks, which can enable the fast static and dynamic assessment by
streamlining the nonlinear analysis. Mardfekri [33] proposed a proba-
bilistic metamodel to examine the seismic fragility of wind turbine
structure models faster than the conventional methods. Guo et al. [34]
proposed a meta learning-based facade defects classification framework
using an image dataset and the concept of deep learning. Chen et al. [35]
presented a metamodel to calibrate the performance of the building
energy model. Furthermore, Zheng et al. [36] proposed a machine-
learning-based topological design approach to expedite the explora-
tion process for shell structures.

Overall, above literature provides substantial evidence that the uti-
lization of metamodeling techniques can greatly reduce the computa-
tional cost in the design processes of complex civil structures, such as
wind turbines [19,20,37]. However, the application of these meta-
modeling techniques have been limited to the superstructure of wind
turbines and, thus, not for the foundation design. Thus, there is little
insight into how the design process of onshore wind turbine foundations
can benefit from these techniques.

2.3. Machine learning methods

One of the most effective and widely applied approaches for devel-
oping the metamodel is using ML methods. Based on training data or
past experience, inferences can be made using the theory of statistics
within the ML model [38]. Therefore, one can expect that by learning
the correlations between input variables and outputs obtained from FEA
models, the ML model can provide an algorithmic solution for the in-
ferences. This can be perceived as a supervised learning problem [39].
Furthermore, given that the structural performance of wind turbine
foundations by FEA is assessed through multiple indicators, e.g., ulti-
mate failure moment, yield moment, cracking moment, etc., a multi-
output regression problem will be applied because the developed ML
models are expected to map input variables into an array of continuous
outputs.

The objective of the multi-output regression is to simultaneously
predict multiple continuous output variables. Borchani et al. [40]
described two general methods that can be applied to multi-output
regression, namely problem transformation methods, and algorithm
adaption methods. Problem transformation methods can be used to
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convert multi-output regression problems into multiple single-output
regression problems. However, the main shortcoming of conducting
these methods is that dependencies between multiple outputs may be
neglected, thus influencing the eventual predictive performance.
Therefore, Pyromitros-Xioufis et al. [41] introduced several extended
problem transformation methods to solve the aforementioned problem,
including multi-target regressor stacking and regressor chains. None-
theless, applying these problem transformation methods will result in
less desirable predictive performance and more computational
complexity [40].

One widely used algorithm adaption method is Multi-target
Regression Trees (MTRT), which enables the simultaneous prediction
of numerical multi-outputs using regression trees [42]. Besides, in order
to enhance the predictive performance, Random Forest (RF) can be
applied by ensembling a set of MTRT models to combine and average
predictions of models [43-45]. Li et al. [46] developed a multi-output
RF model to predict structural damages and demonstrated that RF is a
promising ML method for this multi-output problem.

Artificial Neural Network (ANN) has also shown to have potentials to
deal with the multi-output regression problems [47-49]. For instance,
Feedforward Neural Network (FFNN) has been adopted broadly in
previous studies. Zhao et al. [50] proposed an approach using the multi-
output FFNN model to interpret the real-time data during the tunnel
construction process. In this research, the developed FFNN model can
accurately predict 7 types of mechanical indexes, representing the real-
time geological conditions of the tunnel, thus enabling safety assurance
during the excavation.

So, it can be posited that both RF and FFNN can potentially deal with
the complex multi-output problems that suites the domain of structural
analysis of built assets. Therefore, this research will explore both algo-
rithms and compare their performances.

2.4. Metaheuristic optimization of metamodels

The development of the ML model requires frequent fine-tuning of
hyperparameters of the model until the best predictive performance is
achieved [51]. Studies have also shown that the application of meta-
heuristic methods can contribute to the optimization of hyper-
parameters with better efficiency and effectiveness in searching (near-)
optimum solution in a great range of problems and avoiding problems
that may occur in the traditional optimization algorithms [52]. Meta-
heuristic optimization can also be implemented on the input variables
involved in the ML model to eliminate irrelevant or redundant input
variables. Metaheuristic methods mainly include evolutionary algo-
rithms such as Genetic Algorithms (GA), Artificial Immune Systems
(AIS), Genetic Programming (GP), or other methods such as Particle
Swarm Optimization (PSO).

Among different metaheuristic methods, GA is effective for integra-
tion into the ML model to optimize the hyperparameters [53,54]. GA is
an approach based on the theory of natural selection to find approxi-
mately optimal solutions for optimization problems. In GA, a population
consisting of a set of individuals will be generated, called chromosomes,
where different gene fragments will represent a solution to the problem.
Individuals in the population will be evaluated based on the fitness
function and a natural selection will be applied to select individuals
having better phenotypic characteristics for reproduction, while more
competitive individuals will be eliminated. Besides, several genetic op-
erators are involved in GA to extend the searching space and maintain
the diversity of the population to be evaluated, including the crossover
and mutation [52]. Individuals selected after the selection stage will be
modified in the stage of reproduction employing crossover and mutation
to generate new populations, called the offspring. Therefore, individuals
in the offspring will be evaluated and selected repetitively to generate
new offspring to start a new iteration, until the stopping criteria are
satisfied [52].

Oliveira et al. [54] proposed a GA-based method for simultaneously
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optimizing the selection of input features and optimizing the setting of
learning parameters and hyperparameters of three typical types of ML
models, namely SVM, ANN, and decision trees. Therefore, in this study,
a GA approach will be adopted to optimize the performance of ML
models and also to find the optimum design alternatives.

3. A metamodel-based generative design framework

In this study, a generative design framework is proposed using the
metamodeling technique and GA. The main objective of this framework
is to explore the automatically generated design alternatives rapidly and
accurately and obtain the design optimum that balances the cost and
structural performance. Fig. 2 shows an overview of the proposed
framework, which mainly consists of three stages, namely database
establishment, the metamodel development, and the generative design
development.

Overall, the database establishment stage is dedicated to building the
necessary dataset for the development of the metamodel based on the
FEA model. It should be highlighted that this step is only needed if either
the available historical data is insufficient or no data is available. In case
enough data is already available, this step can be skipped. The second
stage, i.e., the metamodel development, aims at building a surrogate to
replace the FEA simulation performed on the wind turbine foundation
design for obtaining the corresponding structural performance, using
the ML techniques to correlate the design parametric and corresponding
structural performance. Therefore, the developed metamodel can be
expected to enable the fast evaluation of each generated design solution
in this generative design process. The third stage of the framework ex-
plores and evaluates the design options under the given constraints and
objectives, and evolve the design solutions using GA until the conver-
gence criteria are satisfied to provide optimal design solutions.

3.1. The dataset establishment

This stage aims to establish the dataset required for the ML model
development. As mentioned in Section 3, this stage is only needed to
complement or generate the necessary data for ML in case the data is
insufficient or nonexistent. In case enough historical data are available,
then this stage can be skipped.

Database Establishment

Generating an array of design
solutions to build the dataset

Generate the population
(features and hyperparameters)

i’ FEA model
Split the dataset
v

Train a model (RF and FFNN) Perform genetic operations

(selection, crossover, and mutation)

v

the testing dataset

Automation in Construction 138 (2022) 104233

The required dataset contains an array of design solutions, which will
provide various design variables as input features in the developing
phase of ML models and related structural performance of each design as
outputs. To determine which input variables are most influential in the
design of wind turbine foundations, 5 interviews with expert structural
engineers were held. This approach has been previously applied in other
research where ML was used to solve engineering problems [55]. Be-
sides, a similar study conducted by Nicholson [8] has been used as the
reference, and eventually, 9 design variables were selected as shown in
Table 1. For simplicity, only the circular wind turbine foundation with a
slope is considered in this research, as shown in Fig. 3. This is because
this type of foundation is the most cost-efficient choice which can result
in considerable material saving without compromising the structural
performance [11]. However, the proposed method can be easily
extended to other types of foundations as well.

The design variables that can be used to define the geometry of the
circular wind turbine foundations include the diameter of the founda-
tion base, the thickness of the foundation that can be divided into the
height of the slope and the height of the foundation at its outer edge. In
addition, the reinforcement configuration will also be included as the

Table 1
Selected design variables in the wind turbine foundation design.

Feature Description

The diameter of the base of the foundation

Anchor Count (AC) The number of anchors within the foundation

Vertical Load Factor ~ The load factor will be applied to calculating the vertical load
(VLF) transferred from the tower

Base Slope Height The height of the slope part of the foundation

Base Diameter (BD)

(BLH)

Base Side Height The height of the foundation outer edge which is
(BDH) perpendicular to the base

Top Rad Ratio The reinforcement ratio of the radial reinforcement at the top
(TRR) part of the foundation

Bottom Rad Ratio The reinforcement ratio of the radial reinforcement at the
(BRR) bottom part of the foundation

Top Tan Ratio (TTR) ~ The reinforcement ratio of the tangential reinforcement in the
top part of the foundation
Bottom Tan Ratio The reinforcement ratio of the tangential reinforcement in the

(BTR) top part of the foundation

Generative Design Development

Generating the population
¥

B Evaluate the candidates
¥

Performing non-dominated

¥
Performing crowding distance
sorting

¥

A set of Pareto fronts

New population from the
selected Pareto fronts

Save the model with optimal
features and hyperparameters

Metamodel

|
|
|
|
|
|
|
|
|
|
\ Evaluate MSE of the model for
|
|
|
|
|
|
|
|
|
|

Metamodel Development

Save optimal designs on The
Pareto front

Fig. 2. The framework of the meta-model-based generative design development.
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o |
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Fig. 3. The schematic diagram of the wind turbine foundation and corresponding input features.

reinforcement ratio of different reinforcement groups. Other design
variables include the number of anchors that will be used to anchor the
turbine, as well as the applied load factor that will determine the load
transmitted from the tower.

Given that the overturning moment is one of the most decisive load
cases applied to the wind turbine foundation, the moment-rotation
behavior of the wind turbine foundation was selected as the main
structural outcome, which can be portrayed by the diagram shown in
Fig. 4 [7,8]. As shown in this figure, four stages can be distinguished.
The first stage is the cracking stage, where cracks of the reinforcement
will occur at P.. Then, the reinforcement starts yielding at the point Py,
when the stress of the reinforcement reaches its yield strength. As the
applied rotation continues to increase, the reinforcement will reach its
ultimate strength, where a certain reinforcement group will fail at P;.
Lastly, a yield mechanism will be formed at P,, where the resistance
against further rotation will stop increasing and the foundation reaches
its ultimate bending moment capacity.

Considering the difficulty in predicting the complete moment-
rotation diagram using the ML method, it is essential to simplify the
diagram only using the four key points indicated in Table 2.

To this end, first, a set of n solutions are generated in terms of the
design paramours shown in Table 1. Each set of parameters represents a
design solution, as shown in Fig. 5. Each time FEA analysis is conducted
on a potential design (i.e., a set of design variables), the four key points
from the moment-rotation behavior are obtained. These design variables
and the moment-rotation key points are integrated as a single data point.
After repeating this process for n times, the database needed for the ML
is generated in terms of the matrix shown in Fig. 5.

A typical moment-rotation diagram

300 P,
250 i
£ 200 P,
Z Y
=
= 150
8
S 100 [} iR,
50 |4
0 U

0 5 10 15 20
Rotation /mrad

)
3
%)
%)
O

Fig. 4. A typical moment-rotation diagram.

Table 2
Explanation of key points in the moment-rotation diagram.

Point in the
diagram

Corresponding outputs Description

Initial cracking Initial cracking moment  The point where the reinforcement

point (P.) and rotation starts cracking

Initial yield Initial yield moment The point where the reinforcement
point (P)) and rotation starts yielding

Initial failure Initial failure moment The point where the reinforcement
point (P) and rotation starts reaching the ultimate strain

Failure point Failure moment and The point the resistance against
Py rotation further rotation stops increasing

Base Diameter (BD) —

Anchor Count (AC) |
Initial Cracking Point (1)
Vertical Load Factor (VLF) |

Data Generation

_J Base slope height (BLH) — Initial Yield Point (P,)
using FEM Base side height (BDH) —| >
Top rad ratio (TRR) | FEA model Initial Failure Point (P,)

Bottom rad ratio (BRR) —|
Failure Point (P,)
Top tan ratio (TTR) —

N

0y

. BomomreTT R

A 4

BD. AC. VLF. LI EDI, TRR. BRE. TTRy BTR. Pe Py P Pu

Development of _| H H H H H H H H H H H H H

the Database BD, AC, VLE, BLIL, BDIL, TR, BRR, TTR, BT, Py Pyn P Pun
Features Labels

Figure 5. Overview of the database establishment

Fig. 5. Overview of the database establishment.

3.2. Machine learning models development

In this stage of the framework, ML methods will be used to develop
predictive models that can directly handle multi-output data. ML algo-
rithms selected in this stage include RF and the multi-output FFNN. In
addition, several univariate regressions corresponding to every single
output will also be studied, as the performance benchmark. This can be
done by developing an ML model for each output in the dataset.

Besides, a GA-based optimization approach is adopted for the feature
selection during the model training phase and the optimization of
hyperparameters, and the k-fold cross-validation method is applied to
avoid the overfitting issue.

The bottom left box in Fig. 2 provides an overview of the ML
developing process, which consists of the following steps: (1) splitting the
dataset: the dataset established in the previous phase will be split into the
training subset and the testing subset using the k-fold cross-validation
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method; (2) generating the gene population: a population of genes will be
generated consisting of the information of feature selection and hyper-
parameter values and converted from genotypes into phenotypes; (3)
training the models: both the training subset and the testing subset will be
modified based on the feature selection results to train and ML learning
models; (4) evaluating the fitness: the fitness of each individuals will be
calculated; (5) assessing termination criteria: if the stopping criteria are
satisfied, the process will stop at the current iteration and the optimal
features and hyperparameters will be registered, otherwise the next
generation will be proceeded using genetic operations; and (6) per-
forming genetic operations: the new population will be generated after the
crossover and mutation.

k-fold cross-validation is used to ensure the generalizability of the
ML model and to prevent the overfitting problem, without making the
model sensitive to the data distribution. Using this strategy, the original
dataset will be randomly divided into k disjoint folds of approximately
same size. Among them, k-1 folds will be used as the training set to
enable the self-learning process of the ML model, while the remaining
fold will be used as the test set [56]. Then, by averaging performance
metrics obtained in the process, the final performance of the model can
be calculated.

The selection of the value of k depends on the size of the dataset,
where the higher the value of k is, the longer the computational time will
require. In this study, 10-fold cross-validation will be performed.

The optimization of ML models will be realized by applying the GA-
based approach. After obtaining the splitting of the original dataset, a
population will be generated based on input features involved in this
dataset and the type of ML algorithm. Subsequently, genotypes of each
chromosome will be converted to phenotypes, such as the information
about whether a certain feature is selected or reduced and value for one
hyperparameter. Then, based on phenotypes from the feature gene
fragments, the original dataset will reduce corresponding features.
Using hyperparameters defined by the chromosome, the training and
testing procedures will start, and the fitness of each chromosome rep-
resenting parameters and selected features will be evaluated. The whole
process will be terminated when the termination criteria are satisfied.
Otherwise, individuals with better fitness will be selected using the
roulette wheel selection operator, and new solutions are generated using
the crossover operator and the mutation operator, until the termination
criteria are triggered, or the maximum number of generations reach the
pre-defined limit.

The chromosome in each individual within the population should
contain phenotypic characteristics about whether a certain feature will
be selected or reduced and values of hyperparameters of the ML algo-
rithm. Therefore, the chromosome will be divided into two parts as
shown in Fig. 6, of which the first part represents phenotypic charac-
teristics about input features and the second part represents phenotypic
characteristics about hyperparameters, using the binary coding system.

Specifically, each element in the first part of the chromosome rep-
resents one certain feature. If the value of this element is “0”, it means
that the corresponding feature will be reduced. On the contrary, if the
value is “1”, it means that the corresponding feature will be selected.

In this study, two ML algorithms are used, namely RF and FFNN.
From previous studies, these two ML algorithms have shown the po-
tential to deal with multi-output regression problems, with good pre-
dictive performance, computational speed, scalability, ease of use, and
extensibility [40,48]. Specifically, RF can provide good performance in
working with large datasets, and it has the ability to overcome the
overfitting problem and outliers [57,58]. Besides, another advantage of

Feature genes

A A
[ 1 \

I A N N

Hyperparameter genes

Fig. 6. The structure of the chromosome.
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RF is its interpretability because the feature importance can be gener-
ated automatically. In addition, FFNN can also provide good perfor-
mance by automatically adjusting the model complexity based on the
failure history, and most importantly, the ability to learn and represent
both the linear and non-linear relationships from the dataset [59].

It is worth noting that ML methods are shown to be sensitive to the
dimensionality of the problem, i.e., the ratio of features (p) to data
points (n) [60,61]. Although ensemble methods (e.g., RF) are commonly
believed to outperform other conventional ML methods for high-
dimensional problems [62-64], essentially the performance of any ML
heavily depends on the nature of the data. Therefore, the performance
needs to be assessed on a case-by-case basis [60,61]. Here, the optimi-
zation and fine-tuning of hyperparameters are very important to boost
the performance of the model, especially for high dimension problems
[55,60,61,65].

Table 3 lists all the hyperparameters which will be optimized using
this GA method. Each hyperparameter will be linked to a certain frag-
ment within the second part of the chromosome. Subsequently, the bi-
nary code for each chromosome fragment will be converted to a decimal
value as the real value of each hyperparameter.

The fitness function measures the performance of each individual
after the evaluation, which can also be used as a metric for stopping the
iterative process early when a specific value of the fitness is achieved
[66]. Several performance evaluation metrics have been introduced by
Borchani et al. [40] for multi-output regression problems. In this study,
the mean squared error (MSE) will be applied in the fitness function.
According to Urbanek et al. [67], MSE can be regarded as the best fitness
function because of its statistical properties. Besides, using MSE as the
metric can ensure that trained models with outlier predictions will be
eliminated, given the fact that the MSE will magnify those huge errors.

Therefore, in the proposed GA-based model optimization approach,
the fitness function used for the selection stage will be MSE, as indicated
in Eq. (1), according to [40].

d 1 Niest 1) ~( 2
fitness = MSE = Z’_:]m - (y,( -9 )> (D)

Where:

D: the number of outputs

Niesi: the size of the test dataset

yi(l) the actual value of the i output corresponding to XD in the test
dataset

yi(l)

x®,

However, it is worth noting that the calculation of MSE in the multi-
output context may result in distinct ranges because the predictive
performance of each output is calculated separately. Therefore, it is
critical to normalize each error value, instead of simply calculating the
average value. This can be done by normalizing each output before the

represents the predicted value of the i output corresponding to

Table 3
Explanation of hyperparameters required to be optimized.

ML method Hyperparameter Description

Random Forest (RF) The number of trees in the forest
The maximum depth of each MTRT
in the forest

The minimum number of samples
needed to split an internal node
The minimum number of samples

required to be at a leaf node

n_estimators
max_depth

min_samples_split

min_samples_leaf

Feedforward Neural n_layers The number of hidden layers
Network (FFNN) n_nodes The number of nodes within each
hidden layer
epochs The number of training epochs

learning_rate The learning rate of the
backpropagation algorithm
The number of training samples used

in one iteration

batch_size
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model training phase. Therefore, for every output, the range of poten-
tially calculated MSE will between 0 and 1, while the possible MSE for
all eight outputs will range from 0 to 8. The smaller the value of MSE is,
the more accurate prediction can be achieved.

3.3. Generative design development

The main target of this stage, which is shown on the right box in
Fig. 2, is to realize the generative design of the wind turbine foundations
by applying the developed metamodel to enable the rapid and accurate
evaluation of each generated design alternative and using GA to achieve
the evolution of the generated design solutions to further increase the
diversity in the solution space that will be explored and assessed. Spe-
cifically, in this study, the generative design is essentially intended to
solve a design optimization problem, given the specific constraints and
objectives.

The process will start with the generation of an array of design so-
lutions, which only include the input design variables that have been
selected after the feature selection phase in the metamodel develop-
ment. Afterward, these input design variables will be assessed and
filtered according to the pre-defined constraints. In this study, three
constraints will be applied to the diameters of rebars from different
reinforcement groups: (1) for the radial reinforcement, the diameter of
the rebar located in the top area of the foundation will not be larger than
the rebar located in the bottom area; (2) for the tangential reinforce-
ment, the diameter of the rebar located in the top area of the foundation
will not be larger than the rebar located in the bottom area; (3) the slope
of the foundation is 1:4 unless this would lead to a Base Side Height less
than 1.5 m, and in that case, the value of feature Base Side Height will be
1.5 m. In addition to these three constraints, the value of each design
variable will also be confined to a certain value range, which will be
determined according to different cases.

Subsequently, the generated design solutions will be evaluated
against two indicators, namely the structural performance and the cost
of each design solution. The evaluation of the former can be done by
using the developed metamodel, which can predict the eight structural
performance outputs simultaneously. However, in this study, only the
ultimate bending moment will be selected as the indicator for deter-
mining the structural capacity of the design, because the ultimate
bending moment capacity is the critical consideration to ensure the
resistance of the structure against the overturn resulted from the sig-
nificant bending moment owing to the aerodynamic interaction. Be-
sides, the cost of each design solution will also be calculated, which is
mainly dominated by the volume of the concrete in the cylindrical and
conical parts of the foundation and the weight of the radial and
tangential reinforcement. Therefore, a multi-objective optimization
problem can be formulated as indicated in Eq. (2), which aims at finding
the optimal design solution with the lowest cost and the highest ultimate
bending moment capacity:

f; = maxB(x) 2
f, = minC(x) 3)
Subject to:

81(X) = Xiop radial rebar — Xbottom radial rebar < 0
82(X) = Xiop tangentiat rebar — Xbottom tangentiat rebar < O
83(%) = Xpase_siope_neignt > 1.5

<y <alli=1,...,N

Where:

x: the set of input design variables from a design solution

B(x): the objective function aiming at obtaining the maximum
bending moment
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C(x): the objective function determining the cost of the design

g1(x), g2(x), and gs(x): constraints,

x{: the lower variable boundaries of the design variable x;

x;U: the upper variable boundaries of the design variable x;

N:total number of the input design variables.

The solution to this multi-objective optimization is a Pareto front
that represents a set of design alternatives that are non-dominated to
each other. The Pareto optima can also represent the trade-off between
the two objectives and enable the decision-makers to select the most
favorable result, thus it can be more practical for real-life problems. In
this stage, the Fast Non-dominated Sorting Genetic Algorithm (NSGA-II)
will be applied to generate the Pareto front concerning the cost and the
structural performances, considering its efficiency and wide application
in civil engineering for solving multi-optimization problems [68-70].

NSGA-II defines the fitness and the probability of being selected
based on the Pareto dominance. In order to rank each solution on the
Pareto front regarding the performance, the crowding distance will be
applied to measure the closeness of each design solution to the other two
design solutions in its neighborhood [71]. By using the tournament se-
lection method, two design solutions will be randomly compared and
the design solutions with higher crowding distance will be selected [72].

Compared to the chromosome design containing both the feature
genes and hyperparameter genes, the chromosome used in this stage will
only include the feature genes after the feature selection. Therefore, an
initial population will be generated, in which each individual will be
represented by the binary-coded chromosome, and the offspring will be
created after performing the crossover and mutation. After combining
the initial population and its offspring, the non-dominated sorting will
be applied to the combination and several non-dominated solutions will
be identified. And by applying the tournament selection based on the
calculated crowding distance of each individual on the non-dominated
fronts, the parents can be selected from the combination and after per-
forming the crossover and mutation, the new offspring can be created to
ensure the diversity of the population.

By repeating the abovementioned process in every iteration until the
convergence criteria are satisfied, the Pareto optima can be obtained. In
addition, the concept of elitism will also be utilized in the approach,
which can accelerate the convergence speed of GA and also ensure that
the individuals with good performance will not be reduced in the iter-
ative process [71].

4. Case study

This section demonstrates the results of a case study conducted to
validate the proposed framework. The case study contains two phases. In
the first phase, a metamodel was developed based on the dataset con-
sisting of 4971 design solutions of wind turbine foundations. In the
second phase, a generative design approach was adopted using this
metamodel to realize the rapid evaluation of the structural performance
of each design solution.

The dataset used in this research is provided by WindBase [73],
which is a Dutch design company with over 25 years of experience in
wind turbine foundation designs. To ensure the consistency of the data
structure, following Table 1, this dataset only contained the range of

Table 4

Input variables from the dataset.
Variable Range Step
Base Diameter (BD) 125m ~ 25 m 2.5m
Anchor Count (AC) 60-120 30
Vertical Load Factor (VLF) 0.9-1.35 0.45
Ratio 0.12-0.18 0.02
Top Rad Ratio (TRR) 20 mm, 25 mm, 32 mm N/A
Bottom Rad Ratio (BRR) 20 mm, 25 mm, 32 mm N/A
Top Tan Ratio (TTR) 20 mm, 25 mm, 32 mm N/A
Bottom Tan Ratio (BTR) 20 mm, 25 mm, 32 mm N/A
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variables shown in Table 4. Based on the input variables represented in
Table 4, the values of several input features, such as Base Diameter,
Anchor Count, and Vertical Load Factor, can be directly obtained, while
the rest of input features can be calculated based on corresponding
variables shown in the table. Specifically, the variable Ratio in Table 4
stands for the ratio of the total thickness of the foundation (i.e., the sum
of Base Slope Height and Base Side Height) and the diameter of the
foundation. Therefore, the total thickness can be calculated based on
Ratio and the fixed slope rate of 1:4 (as explained in Section 3.3), from
which Base Slope Height and Base Side Height can be derived. Similarly,
based on the diameter of a certain group of reinforcement, the corre-
sponding reinforcement ratio can be calculated as the input features.

Table 5 shows an example of how the input and outputs of WindBase
look like. As shown in this Table 5, the input values shown in Fig. 5 and
Table 1 provided to WindBase and the moment-rotation key points were
exported from the results of the FEA analysis previously performed by
WindBase.

Parameters for the GA process in the metamodel development stage
were pre-defined, as indicated in Table 6. In this case study, the size of
the initial population was set to 100, which means 100 individuals were
used as the input of the GA process. Besides, during the crossover stage,
the crossover rate was set to 0.8, which represents the possibility of two
randomly selected individuals after the selection of exchanging gene
fragments. Furthermore, the possibility of the mutation occurring in
each offspring generated after the crossover phase was 0.2. The stopping
criterion was the maximum generation number of 50.

4.1. Metamodel development

As explained in Section 3.2, MSE was selected as the fitness function
to evaluate the competitiveness of each generated individual. Given the
fact that the usage of the MSE can provide a physical meaning and is
grounded in reasonable probabilistic assumptions, it was used as the
main metric to indicate the model’s predictive performance. However,
MSE cannot intuitively indicate how accurate the developed ML model
was. Therefore, another performance metric named PRED(25) was used
in this research, which represents the percentage of predictions falling
within 25% of the true value [54,74]. Therefore, the overall predictive
performance of multi-output models was determined by MSE and PRED
(25). The former was calculated by summing up the MSE obtained on
each output as indicated in Eq. (1), while the latter was the average of
the PRED(25) achieved on each output. Unlike MSE, a higher value
achieved in PRED(25) represents a higher accuracy of the prediction.

Table 7 indicates the result after testing GA-based ML models using
this dataset. Furthermore, to provide a more intuitive representation of
results, regression plots for each multi-output model are shown in Figs. 7
and 8. It is worth noting that for the multi-output RF and FFNN, not only
the overall predictive performance is given, but also the performance on
each output. Besides, for every single output, two single-output ML
models were also developed using RF and FFNN respectively. The only
difference between the multi-output regression models and the single-
output models is that the former can predict 8 outputs, while the
latter predict one specific output independently.

Table 8 represents the configuration of obtained optimal multi-
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Table 6
Pre-defined GA parameters.

GA parameter Description Value

The number of individuals that will be evaluated and 100
selected

Population size

Offspring size The number of individuals which will be re-generated ~ 100
after one iteration
Crossover rate The probability of two random individuals after 0.8
selection replacing their gene fragments
Mutation rate The possibility of the occurrence of mutation 0.2
Number of The number of iteration in the GA process 50
generation
Table 7
Results obtained from the case study.
Output Metric Multi- Single- Multi- Single-
output output output output
RF RFs FFNN FFNNS
Overall MSE 0.0169 0.0161 0.0168 0.0201
(normalized)
PRED(25) 93.26% 94.82% 90.80% 91.07%
Initial MSE 0.0019 0.0017 0.0019 0.0019
cracking (normalized)
rotation PRED(25) 91.97% 92.78% 81.11% 84.63%
(mrad)
Initial MSE 0.0013 0.0013 0.0014 0.0014
cracking (normalized)
moment PRED(25) 93.64% 94.89% 91.29% 91.65%
(MNm)
Initial yield MSE 0.0025 0.0025 0.0026 0.0027
rotation (normalized)
(mrad) PRED(25) 91.41% 92.60% 83.87% 85.09%
Initial yield MSE 0.0014 0.0014 0.0015 0.0015
moment (normalized)
(MNm) PRED(25) 95.31% 96.60% 95.49% 95.88%
Initial failure =~ MSE 0.0009 0.0006 0.0008 0.0010
rotation (normalized)
(mrad) PRED(25) 92.82% 95.68% 89.56% 86.95%
Initial failure =~ MSE 0.0014 0.0012 0.0016 0.0015
moment (normalized)
(MNm) PRED(25) 95.63% 97.12% 96.94% 97.34%
Failure MSE 0.0061 0.0063 0.0059 0.0089
rotation (normalized)
(mrad) PRED(25) 91.95% 91.67% 90.94% 89.29%
Failure MSE 0.0013 0.0011 0.0012 0.0012
moment (normalized)
(MNm) PRED(25) 96.22% 97.24% 97.28% 97.83%

output models using these two ML algorithms. In terms of the feature
selection, the two models applied different feature combinations. For the
multi-output RF model, the feature Anchor Count was reduced, while
there is no feature that has been reduced in the multi-output FFNN
model.

It is clear that two multi-output ML models can provide the same
predictive performance regarding the calculated MSE. However, the
calculated PRED(25) of the multi-output RF is considerably higher than
the multi-output FFNN. Besides, based on these results, the multi-output
RF model has a more desirable performance in predicting all the outputs,

Table 5
An example of the dataset provided by WindBase.
Solutions Input design variables Outcomes
BD AC VLF BLH BDH TRR BRR TTR BTR Pc (mrad, Py (mrad, Pi (mrad, Pu (mrad,
(m) (unit) (ratio) (m) (m) (ratio) (ratio) (ratio) (ratio) MNm) MNm) MNm) MNm)
Solution 17.5 90 0.9 0.6 1.5 0.206% 0.206% 0. 0997% 0. 0997% (0.81, (1.03, (5.24, (14.88,
1 69.89) 85.28) 137.00) 140.39)
Solution 12.5 920 0.9 0 1.5 0.288% 0.288% 0.1396% 0.1396% (1.50, (2.11, (6.11, (12.23,

2

44.26) 60.71) 95.85) 96.29)
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Fig. 7. Regression plots of the multi-output RF model.

while the multi-output FFNN has a poorer predictive performance for
the initial cracking rotation and initial yield rotation. Therefore, the
multi-output RF model can be regarded as the more desirable choice that
can provide better predictive performance in terms of predicting all
eight outputs.

Furthermore, Figs. 9 and 10 indicate the regression plots of each
output predicted by corresponding single-output models. When
comparing the two modeling approaches, it appears that single-output
models have a slight edge over the multi-output model (i.e., an
average of 0.82% higher prediction accuracy). Therefore, it is recom-
mended to use the single-output ML models when only one specific
design output is sought. However, when it comes to the prediction of all
8 outputs simultaneously, considering that the running time of an array
of single-output ML models is longer than only using one multi-output
model, as shown in Table 9, and also given the relatively negligible
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Fig. 8. Regression plots of the multi-output FFNN model.

difference in the prediction accuracy, the multi-output model can be
regarded as a more desirable choice, especially when considering the
extension of the application of developed metamodels to generative
design.

4.1.1. Analysis of feature importance

After developing ML models in this case study, it was also crucial to
obtain a better understanding of these models regarding their inter-
pretability, which explains the behavior of models in the entire popu-
lation, especially when these ML models are normally regarded as “black
box” tools.

One of the most effective methods to investigate the interpretability
of models is conducting a sensitivity analysis to examine how the in-
fluence of each input feature can affect the predictive performance of
models. In this study, permutations were used to randomly shuffle a
single feature value. Feature importance can be obtained based on the
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Table 8
Results of the feature selection and optimal model configurations.
Machine learning Reduced feature Hyperparameter Value
algorithm
RF Anchor Count n_estimators 380
(AC)
max_depth 48
min_samples_leaf 2
min_samples_split 3
FFNN None n_layers 4
n_nodes” 17-29-31-
16
epochs 500
learning_rate 0.015
batch_size 10

@ The structure of the value of hyperparameter n_nodes means there are 17
nodes, 29 nodes, 31 nodes, and 16 nodes in the first, the second, the third, and
the fourth hidden layer respectively.

change in the model score [75]. It is worth noting that the feature
importance obtained using permutation cannot reflect the inherent
predictive value of features, but only the importance of features for a
particular model. In addition, when using RF, it is also possible to adopt
another feature importance measurement method, called the Mean
Decrease Impurity (MDI) or Gini importance, which obtains each feature
importance by summing the number of splits included in the feature, and
weighted by the number of samples split [76]. Therefore, the relative
impurity-based feature importance was also calculated for the
comparison.

Because in the previous section results indicated that multi-output
RF is a more favorable choice, only the multi-output RF model was
used to conduct this sensitivity analysis. It is worth noting that the
selected model has reduced the feature Anchor Count during the
development.

Fig. 11(a) shows the results of the permutation-based sensitivity
analysis on the optimal multi-output RF model, where feature Anchor
Count has been reduced from the model training phase. In addition, the
impurity-based feature importance is indicated in Fig. 11(b). The results
of the impurity-based feature importance match the results obtained
from the sensitivity analysis, except the rank of the feature Vertical Load
Factor. Therefore, for this optimized multi-output RF model, features
including Base Slope Height, Base Diameter, Bottom Tan Ratio, and Base
Side Height were the most important features that were more decisive in
influencing the moment-rotation behavior of wind turbine foundations,
while Top Rad Ratio had the least importance.

4.2. Generative design

In this section, a framework for realizing the generative design of the
wind turbine foundations was developed and implemented, using the
multi-output RF as the evaluating model, whose model configuration
can be found in Table 8. The objective of the generative design method
was to automatically generate and assess the design solutions under the
given constraints with maximum ultimate bending moment capacity
and minimum cost. Besides, as explained in Section 3.3, the NSGA-II was
performed to obtain the Pareto front that represents the optimal trade-
off between the cost and the ultimate bending moment capacity.
Furthermore, to provide a more thorough examination of the perfor-
mance of this generative design model, a comparison was made between
the optimal Pareto front obtained from the generative design process
and the optimized design solutions derived from the dataset provided by
WindBase under the same design constraints.

4.2.1. Configuration of the generative design

Three design constraints were applied as indicated in Egs. (2) and
(3). Besides, in order to use the generative design model to explore a
considerable design solution space, the value range of each design

10
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Fig. 9. Regression plots of the single-output RF model.

variable was pre-defined, as shown in Table 10. Because the design
variable Anchor Count had been reduced from the multi-output RF
model, this design variable was directly replaced by a fixed value. The
hyperparameters of the NSGA-II process are shown in Table 11. The
stopping criterion applied in this case study was the maximum genera-
tion number, which was set to 100.

4.3. Results of the generative design process

To provide a comparison to the results obtained using the proposed
generative design method, first, a series of optimal design solutions were
derived from the dataset provided by WindBase. These are design so-
lutions developed by designers. All the design solutions in WindBase
which falls under the ranges shown in Table 10 were selected. The
reinforcement ratios in this sub-dataset were converted into corre-
sponding diameters of rebars, to facilitate the assessment of whether
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Fig. 10. Regression plots of the single-output FFNN model.

Table 9
The average running time of each model for predicting 8 outputs.
Model Multi- Single- Multi- Single-
output RF output RFs output output
FFNN FEFNNS
Average 0.12s 0.73 s 0.08 s 0.59s
computational
time

these design solutions satisfy the constraints. The derived optimal design
solutions from this sub-dataset can be found in Fig. 12.

Based on the constraints and the pre-defined value ranges of different
design variables, the proposed generative design method was imple-
mented. Fig. 13 provides the final results. However, it is difficult to
compare the two Pareto fronts directly, because none of them can
dominate the other. According to Salimi et al. [77], it is possible to
numerically convert and assess the near-optimum solutions using
several indicators, thus enabling the comparison. Therefore, a widely
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applied hypervolume indicator is used in this study [78]. This indicator
reflects the exclusive dominated area of a set of near-optimum solutions
in the Pareto front to a pre-determined reference point. Pareto fronts
with more diversity will have higher values in this indicator.

The reference point selected for conducting the calculation of the
hypervolume indicators of each point in the two Pareto fronts is the
worst scenarios of the two objectives (i.e., the largest cost and the
smallest ultimate bending moment capacity from the two Pareto fronts),
as suggested by Bradstreet et al. [79]. Therefore, according to Salimi
et al. [77], a reference area can be created by the reference point and its
diagonal point (i.e., the point with the smallest cost and the largest ul-
timate bending moment capacity). The hypervolume indicator can be
computed as the ratio of the area bounded by one Pareto front point
divided by this reference area, as represented in Table 12. The com-
parison shows the Pareto front obtained from the generative design can
achieve a desirable accuracy with 1.75% percent error, indicating that
the proposed method can achieve a good accuracy in deriving the
optimized design solutions.

Currently, the design optimization of the wind turbine foundation
conducted in Windbase heavily relies on the experience of the engineers,
where they will empirically define the initial design variables and fine-
tune the values of these variables based on the corresponding output of
the structural performance. However, the success of applying this
method would highly depend on the efficiency of the adopted evaluation
method for calculating the structural performance, as described in the
previous section. As shown in Fig. 12, the identification of design opti-
mum is similar to utilizing the grid search, where all the possible solu-
tions were identified and evaluated using FEA, and the optimal Pareto
front can be derived accordingly. However, this grid search is not
feasible nor realistic in the actual design process of wind turbine foun-
dations, due to the inefficiency of the traditional evaluation method
such as FEA. Table 12 also provides a comparison between the utiliza-
tion of generative design and the traditional FEA-based design optimi-
zation on the average computational time for obtaining the optimal
design solution of the wind turbine foundation. From the comparison, it
demonstrates that the metamodel-based generative design method can
significantly reduce the computational time required for the evaluation
of the structural performance of each design (i.e., 99.93%), thus
enabling the rapid exploration of the larger solution space under the
given constraints. Therefore, the results prove that the proposed
metamodel-based generative design method is superior to the FEM-
based design optimization method in terms of computational speed
and the outcome of the obtained design optima.

5. Discussions

The main contribution of the presented study is providing an op-
portunity to determine how and to what extent the metamodeling
technique and the concept of generative design can be used to stream-
line the wind turbine foundation design process. Based on the results
represented in Section 4, this study found that the developed multi-
output RF model is the most favorable choice, considering the compu-
tational speed and accuracy. Although this finding differs from that of
Kayri [78], who found that the neural network can be regarded as the
best option for solving big and complex data mining problems, it is
broadly consistent with the earlier study conducted by Adusumilli et al.
[80], in which RF was examined to have better performance than the
neural network under the similar multi-output regression context. One
possible reason for the difference in the predictive performance of the
two selected multi-output regression models is the strong non-linearity
between the inputs and outputs in this problem context. The general
method to improve the performance of the FFNN to tackle the compu-
tational complexity is to extract uniquely abstract features by increasing
the number of hidden layers [81]. However, currently, the maximum of
the hidden layers in the FFNN architecture is only 4, resulting in a rather
“shallow” neural network to model the complex non-linear relationship,
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Fig. 11. Feature importance analysis on the multi-output RF model.
the complexity of the regression model. Consequently, the over-fitting
Tabl‘? 10 . . . . . problem will ensue. One widely applied solution is to increase the size
The list of design variables in the generative design. of the dataset. Therefore, different results may be expected when the
Design variable Range Step dataset can be extended in the future.
Base Diameter (BD) 12 m ~ 27.5 mm 0.5m In addition, the model interpretation shows that the diameter of the
Anchor Count (AC) 90 (fixed) N/A foundation base, the reinforcement ratio of the tangential reinforcement
Vertical Load Factor (VLF) 0.9 (fixed) N/A at the bottom, and the thickness of the foundation side are the most
Ratio ) 0.12-0.18 0.02 decisive design variables in predicting all the outputs, while the number
Top Rad Ratio (TRR) 20 mm, 25 mm, 32 mm N/A 4
Bottom Rad Ratio (BRR) 20 mm, 25 mm, 32 mm N/A of anchor, the contributes the least. The finding regarding the relative
Top Tan Ratio (TTR) 20 mm, 25 mm, 32 mm N/A importance of these design variables is in line with the experiential
Bottom Tan Ratio (BTR) 20 mm, 25 mm, 32 mm N/A expectation of experts in WindBase that geometry and tangential rein-
forcement configuration of the foundation has a significant contribution
to the ultimate bending moment capacity. However, to the best of the
Table 11 authors’ knowledge, there has been no detailed parametric study
Pre-defined NSGA-II parameters. investigating the relative importance and influence of these design
NSGA-IT Description Value variables on the ultimate bending moment.
parameter In general, the single-output model offered a slightly better predic-
Starting The number of individuals that will be included in the 500 tion of individual outputs. Therefore, it can be argued that if a single
population size  starting population design indicator is sought, it is advantageous to use a single-output
Offspring size The number of individuals after performing GA 500 model that independently predicts the moment-rotation behavior of
operations on the starting population the wind turbine foundation. This finding is contrary to that of Borchani
Crossover rate Eﬁiﬁ;ﬁ::fifi;g:;ﬂ;?mg two random individuals 0.9 et al. [40] who stated that using this single-output method cannot obtain
Mutation rate The possibility of the occurrence of mutation 0.1 the most desirable predictive outcome, because it may neglect the de-
Number of The number of iteration in the NSGA-II process 100 pendencies between outputs. A possible explanation for this finding is
generation that the dataset used in this study is not sufficiently large to provide

while RF shows the better capability to cope with this non-linearity with
the same dataset. The reason why the number of hidden layers has been
confined to be under 4 in this study is mainly because of the size of the
current dataset for training. This is because as the number of hidden
layers of the neural network increases, more adjustable model param-
eters will be involved, thus increasing the degree of freedom, as well as

12

enough inferences regarding correlations between selected features and
these 8 outputs. Compared to the single-output ML models, the multi-
output models require more information on how these features are
correlated to the outputs, especially when this correlation is non-linear.
Therefore, by further extending the dataset, it is possible to enhance the
performance of the multi-output ML models. Furthermore, although
each single-output model can provide better accuracy, it is still recom-
mended to apply the multi-output ML models to predict all the outputs
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Fig. 12. The design solutions of the sub-dataset and the optimal solutions based on the WindBase dataset.
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Table 12
The comparison of the hypervolume indicators and the total computational time
for optimization.

Method Hypervolume The total computational time
indicator for finding optimal solutions
Meta-model-based 0.58 29 mins
generative design method
Traditional FEA-based 0.57 38790 mins

design optimization
method

simultaneously, given the fact that the total running time for using the
stacked single-output models to predict 8 outputs simultaneously is
more than the multi-output model, as shown in Table 9. Therefore, when

13

extending these single-output models into broader applications such as
generative design, the longer running time would considerably reduce
the efficiency.

It is important to notice that the training of the ML model is a non-
trivial task that can be time-consuming. However, it should be pointed
out that once a model is developed based on a large enough dataset, the
model can be easily reused for new projects and there is no need for
continuous re-training. Given that companies already have a wealth of
data about previously optimized designed foundations, these data can be
leveraged to develop a model with good generalizability. Even if such a
comprehensive dataset is not available at the moment, this research
helps practicians see the value of structuring and maiming the historical
data in a structured way for use in the same capacity proposed in this
research.

Overall, the proposed method in this study can provide a significant
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time gain by reducing the computational time required from conducting
the FEA in the static design optimization process of wind turbine foun-
dations. Besides, developing the ML-based metamodels can also offer the
designers a better understanding regarding the importance of each
design variable and how a certain design variable influences the
moment-rotation behavior of the wind turbine foundation. Last but not
least, by applying this data-driven method in the wind turbine founda-
tion design process, it will encourage the industry to establish a standard
and consistent data structure as the basis for data mining, because this
study provided new insight about how the usage of the historical data
regarding the wind turbine foundation design can benefit the design
optimization process.

6. Conclusion and future work

The study aimed to investigate how and to what extent the appli-
cation of the metamodeling technique and the concept of generative
design can facilitate the design process and optimization of the wind
turbine foundation. To do that, a metamodel development process was
proposed, mainly including the dataset establishment and the ML
models development, and a generative design framework was proposed
where the design optima can be obtained automatically under the given
design constraints. In this study, two ML algorithms were selected,
namely the multi-output RF and multi-output FFNN, and optimized
using GA to determine the best model configuration, as well as the best
combination of input features. In order to test and evaluate their pre-
dictive performance, a case study was conducted using the dataset
provided by a Dutch design company, i.e., WindBase.

Based on the results presented in the case study, it can be concluded
that metamodeling techniques have a great potential to be used as a
complementary step to more accurate finite element modeling. It is also
shown that the developed metamodel can be easily integrated into a
design optimization method to constitute a generative design workflow
that is both efficient and accurate.

In general, the multi-output RF model showed better performance
with respect to the accuracy and computational time compared to
single-output models. However, because, currently, only a limited
number of design variables were considered in this research, further
study is required to evaluate this method in a broader dataset. This
would require a larger and more comprehensive database to store all
variables that need to be considered as well as a consistent data struc-
ture. Besides, given the fact that the performance of using this GA-based
method may be influenced by values of GA parameters, including the
size of the population/offspring, the crossover rate, the mutation rate,
and the stopping criteria, it is essential to determine the best configu-
ration of the combination of these GA parameters. Potentially, this can
be done by conducting a sensitivity analysis. Last but not least,
currently, only the moment-rotation behavior of wind turbine founda-
tions is considered as the output, it is also necessary to generate the
proposed method to predict more outputs which can portray the more
comprehensive structural performance of wind turbine foundations.
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