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“Each problem that I solved became a rule which served afterwards to solve other problems.”
René Descartes

Abstract
A crucial issue in the design of aircraft components is the evaluation of a
larger number of potential design alternatives. This evaluation involves too
expensive procedures, consequently, it slows down the search for optimal
design samples. As a result, scarce or small number of design samples with
high dimensional parameter space and high non-linearity pose issues in
learning of surrogate models. Furthermore, surrogate models have more
issues in handling qualitative data (discrete) than in handling quantitative
data (continuous). These issues bring the need for investigations of methods
of surrogate modelling for the most effective use of available data.
The thesis goal is to support engineers in the early design phase of
development of new aircraft engines, specifically, a component of the engine
known as Turbine Rear Structure (TRS). For this, tree-based approaches
are explored for surrogate modelling for the purpose of exploration of larger
search spaces and for speeding up the evaluations of design alternatives. First,
we have investigated the performance of tree models on the design concepts
of TRS. Second, we have presented an approach to explore design space
using tree models, Random Forests. This approach includes hyperparameter
tuning, extraction of parameters importance and if-then rules from surrogate
models for a better understanding of the design problem. With this presented
approach, we have shown that the performance of tree models improved
by hyperparameter tuning when using design concepts data of TRS. Third,
we performed sensitivity analysis to study the thermal variations on TRS
and hence support robust design using tree models. Furthermore, the
performance of tree models has been evaluated on mathematical linear and
non-linear functions. The results of this study have shown that tree models
fit well on non-linear functions. Last, we have shown how tree models
support integration of value and sustainability parameters data (quantitative
and qualitative data) together with TRS design concepts data in order to
assess these parameters impact on the product life cycle in the early design
phase.
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1
Introduction
The design of aircrafts is an extremely complex task involving multidisciplinary studies that address the behavior of the design from mechanical,
aerothermal and producibility aspects. In this early phase of the development
of these aircraft’s engines, engineers rapidly explore the design alternatives
or design concepts to achieve design solutions that meet all requirements including aerodynamics, propulsion, performance, thermodynamics and more.
This task is called design space exploration. Typically a large system may
have millions, if not billions, of design concepts (sometimes it may have
infinity), thus, it is a major task prior to implementation [1]. It involves
high-fidelity physics-based numerical simulations to evaluate each design
concept [2] [3] [4] [5]. Due to the time constraints of simulations, it is impossible to explore all these design alternatives. At the same time, exploring
very few design concepts result in design issues in later stages. Thus, it is a
crucial phase where engineers need support to evaluate design concepts and
to prevent product failures. This is where surrogate modelling is adapted to
assist engineers for design space exploration.
Surrogate model based analysis and optimization have been shown to be
an effective approach to reduce the computationally expensive simulations [6]
[7]. More precisely, surrogate models approximate the expensive simulation
function with data produced from previous simulations. These surrogate
models are also called response surface models and meta-models. In machine
learning terminology, they can be called supervised learning models, however,
they are more commonly known as surrogate models in design engineering
including aircraft design engineering [2] [8]. Although surrogate models
reduce computational cost of performing simulations, the large search spaces
introduce some issues for constructing of surrogate models. The reason is
the insufficient data, due to time constraints, which may lead to a poor
fit of the approximation models. Furthermore, high dimensionality and
1
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non-linearity of data make it more challenging to construct accurate models
with traditional approaches, for instance, linear regression and polynomial
methods [9] [10] [11]. This motivates the need for approaches that are
capable of fitting models as accurate as possible with the available small
size datasets.
As mentioned earlier, high dimensionality, non-linearity and limited
number of samples are some data characteristics that form challenges in
surrogate modelling. The way of referencing these characteristics varies
from one application to another, and it is domain specific. For instance, in
healthcare applications, 100 would be a high dimension and in aerospace
applications, 26 would be a high dimension. Hence, one must consider that
we are referring to design engineering applications. In design engineering,
dimensionality is considered as high if the dimensions are larger than ten
(d > 10) for the problems involving computationally expensive simulations
according to references [12] [9] [13]. Diaz et al., considered a problem to be a
high dimensional if it has more than 15 dimensions [14]. According to Jin et
al., non-linearity order is high if the square regression is >= 0.99, otherwise,
it is low order [9]. Regarding sample sizes, Shan et al., considered as scarce:
44, small: 112 and large: 250 [13]. The small sample size of dataset according
to Jin et al., is considered as 10n, the scarce size is considered as any size
below or equal to 3n, and the large size is considered as any size larger than
or equal to 3((n + 1)(n + 2)/2) in which n is the number of variables [9].
In this thesis, tree-based approaches are opted to explore their performance for these challenges in surrogate modelling since they can handle
small sample sizes, high dimensionality and non-linearities of data [15] [16].
The thesis goal is to support engineers’ decisions in the early design phase of
development of new aircraft engines, specifically, a component of the engine
known as Turbine Rear Structure (TRS). For this, firstly, we evaluate and
compare the performance of selected supervised learning methods. Secondly,
we focus on one of the methods, Random Forests (RF) which has better
performance, to analyze and improve the performance of models by hyperparameter tuning using TRS use-case data. Thirdly, we focus on sensitivity
analysis for another TRS use-case where we investigate the performance of
RF on mathematical test functions including linear and non-linear response
functions. Finally, we focus on integrating TRS use-case data together
with the other two research fields data which are (1) value parameters from
the value drive design and (2) sustainable parameters from the sustainable
2

product development in order to assess their impact on the product life cycle
in the early design phase using surrogate models.
The main contributions of the thesis are to explore, evaluate and improve
the tree models for the purpose of surrogate modelling and sensitivity analysis
for design space exploration of an aircraft engines’ component, TRS. For
this, the thesis work is conducted in collaboration with a major aerospace
manufacturing industry in Sweden.

3

2
Background
This chapter presents background on the studied design component, machine
learning, related work, and terminology.

2.1

Turbine Rear Structure

In this section, we briefly explain about the studied domain component,
Turbine Rear Structure (TRS). Figure 2.1 shows the cross-section of a jet
engine and the location of the TRS.

Figure 2.1: The cross-section of a Jet engine and the location of the TRS
[17].
TRS is a component of the jet engine and is attached to the rear part of
the engine to the wing of an aircraft. The component provides the load path
5
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from the engine mounts to the core engine and access for service utilities.
Furthermore, the TRS component contributes to directing the airflow as it
passes through the engine. This is a challenging multidisciplinary problem
that involves complex manufacturing solutions with high temperatures.
Hence, each aspect of this component needs to be studied to fulfil the
design requirements and constraints. Furthermore, there are huge number of
possibilities to design this component. Therefore, design space exploration
(exploring design alternatives) is needed prior to manufacturing. Figure 2.2
shows another computer-aided model (CAD) model of TRS and its Turbine
Vane. For instance, one design objective of this Turbine vane is to study
different thickness groups.

Figure 2.2: Left: Turbine Rear Frame, Right: Turbine Vane.
Engineers opt to use computer-simulated experiments instead of real
experiments for design space exploration to reduce cost and risk. These
computer simulated experiments contribute to a better understanding of the
functional behavior and predict possible failure modes in component designs.
The simulated experiments include several steps as follows:
1. Set-up of design study: to choose design parameters and set-up for
design study.
2. Generating context models: to generate context models using design
parameters data from Step 1.
6
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3. Analysis: to analyse desired design objectives using simulations from
Step 2, for instance aero performance.
4. Evaluation: to assemble analysis results to compare and balance them
from Step 3.
Since these simulations involve time consuming computations, it is impractical to explore design space by conducting simulations for all possible
design concepts. Thus, engineers use surrogate models to approximate the
behaviour of underlying simulation model. They construct surrogate models using simulated experiments (design parameters and design objective)
data. Once the model is constructed, it will be used to predict the outcome
of a new design concept. Thus, surrogate models help to reduce time to
conduct simulations for design space exploration. Furthermore, surrogate
models help to perform sensitivity analysis, which allows for the study of
how uncertainties in design parameters affect system performance for robust
design. The goal of the design engineers is to get a better understanding of
design parameters and asses their impact on the studied design outcomes.
Furthermore, balancing these assessment results with other aspects, for
instance, cost prior to manufacturing.
In the following sections, we present the description of design space
exploration, surrogate modelling, and sensitivity analysis.

2.1.1

Design Space Exploration

Design space exploration (DSE) refers to the activity of exploration and
investigating design alternatives prior to system implementation. This is
used for rapid prototyping, optimization and system integration [1]. In rapid
prototyping, DSE helps to generate several prototypes before the system
implementation. By simulating these prototypes, engineers can increase the
understanding of the impact of design decisions. In optimization, DSE can be
used for optimization by eliminating the lower quality designs and selecting
a set of design candidates for further analysis. The elimination is done
by comparing one design to another using predefined metrics, for instance,
design requirements. In system integration, DSE can be used to find legal
assembles and configurations that satisfy all global design constraints for
the integration of multiple components into a working whole system.
7
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The exploration of design space increases the engineer’s understanding
of the design problem [18]. The exploration must be done carefully due to
a large number of design alternatives. A large system may have millions,
if not billions of design alternatives, and it may have infinite alternatives
for some design problems [1]. In addition, a larger complex system also has
a larger number of design constraints that must be satisfied by every valid
design alternative or solution. Furthermore, the analysis of these design
alternatives includes higher computational costs. This is where surrogate
modelling can play an important role to explore many design alternatives
without the need of time computational simulations for analysis.

2.1.2

Surrogate Modelling

In surrogate modelling, the aim is to determine a continuous function fˆ
(model) of a set of design variables x = x1 , x2 , ..., xn from a limited amount
of available data D (shown in Fig. 2.3). The available data D represent the
exact evaluations of the function f , and in general cannot carry sufficient
information to uniquely identify f . Thus, surrogate modelling deals with
two problems which are constructing a model fˆ from the available data D,
and evaluating the error ε of the model [7]. The prediction of the simulation
based model output using surrogate modelling approach is formulated as
follows:
f (x) = fˆ(x) + ε(x)

(2.1)

Where fˆ(x) is the predicted output and ε(x) is the error in the prediction.
The construction of response surface model involves several steps (shown
in Fig. 2.3) [6]: (1) Design of experiments: it is the sampling plan in
design variable space for setting of all possible combinations of the design
variables (x = (x1 , x2 , ..., xd )T , T means transpose of vector) (2) Numerical
simulations: Let f be the black-box function (simulations), evaluate f on
design points yi = f (xi ) where xi ∈ Rd and yi ∈ R (3) Construction of
surrogate model: Consider the data D = {(x1 , y1 ), . . . , (xn , yn )}, given the
data, a continuous function fˆ is determined to evaluate new design point
ŷ = f (x̂i ) (4) Model validation: Assessing the predictive performance of fˆ
from the available data D. This description of surrogate modelling is also
presented in [19].
8
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Design of experiments
Design variables
= 1, 2, 3,…,

Numerical simulations at
selected locations

Continues
function

=
1, 2, 3

Construction of surrogate
model

Model validation

Figure 2.3: Surrogate Modelling.

2.1.3

Sensitivity Analysis

Sensitivity analysis is to study how the output behaviors relate to variations
in the inputs [20]. Consider the available data D as a set of design concepts
D = {c1 , c2 ..., cn }. Each design concept (an instance in machine learning
terminology) represents a set of design variables (x = (x1 , x2 , ..., xd )T ) and
a design objective (y) where x ∈ Rd and y ∈ R. Given these design variables
and design objective, a continuous function fˆ is determined using surrogate
models to predict the outcome ŷ for new design concepts where ŷ ∈ R. Later,
this function fˆ is used for sensitivity analysis as follows:
For each design concept, the values of uncertain variable are varied (let
us consider x1 ), while keeping the remaining xn , n ∈ {2, ..., d} fixed, to study
the effects on the outcome. The function fˆ is used to predict the outcome ŷ
for x.
This sensitivity analysis allows engineers to get a better understanding
of design parameters. For instance, it helps for screening, parameters
prioritization, and parameters interactions [6] [21]. Furthermore, it could
help to identify interesting regions in design space which can be explored
further. In this thesis, we use the sensitivity analysis to study thermal
variations (uncertain variables) influence on the output, while keeping the
remaining variables fixed for each design concept to find the sensitivity span
which is calculated from the optimal minimum ŷ min and optimal maximum
9
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ŷ max . These minimum and maximum are the predictions using the function
fˆ (more explanation is provided in Chapter 8).

2.2

Machine Learning

As this thesis explores supervised machine learning, we present a brief
background on machine learning in this section.
Flach defines machine learning as "the systematic study of algorithms
and systems that improve their knowledge or performance with experience"
[22]. There are different types of learning; in general, three different learning
types can be distinguished as follows:
• Supervised learning: learning from data which the output is known.
• Unsupervised learning: learning from data in which the output is
unknown.
• Semi supervised learning: learning from data in which the output is
known for some samples and unknown for some samples. For instance,
using small label training dataset (known output samples) to construct
an initial model, which is then, refined using the unlabelled data
(unknown output samples).
This thesis focus on supervised learning, in which, the goal is to train a
model using data that is capable of predicting new data whose output is
unknown. The output or target variable can be represented by discrete
values in classification tasks, and can be represented as continuous values in
regression tasks. In this thesis, the focus lies on regression tasks.
In supervised regression learning, where the aim is to determine a continuous function f of a set of variables x = x1 , x1 , ..., xd from available data
D. The available data D can represent exact evaluations of the function f .
This thesis uses the supervised regression methods to construct models or
to determine continues functions by using data from the aerospace engineering
application. The supervised learning methods that are studied in this thesis
are Random Forests [23] [15], M5P [24], Linear Regression [25], Support
Vector Machines [26] [27], and Multivariate Adaptive Regression Splines [28].
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In engineering design, the reason to focus on surrogate model techniques
is the high cost of computer simulations. Box and Wilson first introduced
polynomial response surface models in 1951 [29]. Because of the uses of
surrogate models in structural optimization, the interest on studying metamodels arose in 1990’s (the first half of decade), mainly by NASA-funded
research projects [12]. Later, they were widely used where their limitations
are identified, for instance “curse of dimensionality” and incapability to
create accurate models for non-linear design space [30] [31] [4]. In addition,
other challenges were also identified such as small samples size to construct
models due to the computational cost of simulations, and understanding
these model’s behaviour due to black box simulations [13]. These challenges
enabled many researchers to investigate alternative surrogate model techniques to handle all these challenges and to conduct comparative studies to
determine the advantages of different surrogate modelling techniques.
Jin et al., compared the performance of polynomial regression, multivariate adaptive regression splines, radial basis functions (RBF) and Kriging
using test mathematical functions by varying sample size, dimensionality
and degree of non-linearity [9]. The authors provided the insights into these
methods. For example, for handling high non-linearities and all sample sizes,
the best method is the RBF. For low order non-linearity and larger sample
size, Kriging is the best. For low order non-linearity and smaller sample size,
polynomial regression is the best.
Anoop et al., proposed an extended radial basis functions (E-RBF)
approach and compared it with typical RBF, quadratic least regression and
Kriging [10]. The authors investigated the performance of these methods
on several test functions by varying problem dimensions (low if dimensions
<=4 and high if dimensions > 4) and non-linearity degree. They concluded
that their proposed approach is the best, and then Kriging, RBF and least
square regression. Furthermore, they stated that quadratic least regression
is not capable of accurately fitting highly nonlinear functions, and also for
high dimensions.
Persson et al., compared the performance of several techniques for surrogate modelling and concluded that anisotropic Kriging, neural networks,
and RBF are the most promising approaches. Furthermore, the authors
11

2. Background
stated that surrogate models have more issues to handle discrete variables
than continuous variable [32].
Kaveh et al., investigated the performance of Kriging, support vector
machines, neural networks and multivariate adaptive regression on 19 test
functions by varying the dimensionality and sample size and provided insights
into these methods. For instance, Kriging performance is relatively as accurate as support vector machines [33]. Furthermore, Liming et al., presented
a comparative study of Kriging, RBF, least square support vector regression, and cut-high dimensional model representation for high dimensional
problems [34].
Some more comparison literature, survey and history about surrogate
modelling can be found in [35] [36] [6] [18] [18] [12] [37] [11] [38] [39] [40].
All these reviews and comparative studies provided insights about surrogate modelling methods to support engineers in the selection of techniques for
surrogate modelling. Since aerospace design problems involve long-running
computational simulations, they also adapted surrogate modelling to speed
up the design and analysis of computer experiments. The applications of
aerospace design engineering are found in [6] [7] [37] [2] [41].
From all these literature studies, we have learned that popular methods
such as polynomial models, Kriging, Radial basis functions and multivariate
adaptive regression have been used to construct surrogate models for design
problems. Furthermore, we have learned that tree models, Random Forests,
can handle challenges which are high-dimensionality, small sample sizes and
non-linearity in surrogate modelling. Although the RF method has been
shown to be an accurate and a successful tool in other application tasks,
the applicability of this method has been rarely investigated in aerospace
design engineering for surrogate modelling, and we cite herein two of the
studies found in [42] [43]. Therefore, this thesis aims to bridge this gap by
addressing the challenges involved in surrogate modelling with tree models.
Furthermore, Lars et al., indicated that extracting some knowledge from
models can guide the design and optimization process. Similar to this study,
we also believe that tree models can provide decision rules that can help
design engineers for a better understanding of design parameters and space
for further analysis [42]. Hence, we demonstrate how to extract decision
rules from tree models for the studied design tasks in this thesis.
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Figure 2.4: TRS concepts with two variations of the design parameter, shape.

2.4

Terminology

Design Concepts: a design concept (also called a design alternative or a design
sample or a design configuration) is a set of design parameters (also called
variables or inputs) and design objectives (also called outputs) that explain
the design of a component (i.e, TRS). In machine learning terminology, a
design concept can be referred to as an instance. In every design concept,
the design variables and objectives are the same, but the values vary. For
instance, as shown in Figure 2.4, the outer case of TRS can be either round
or polygonal (varying input), but the outcome for both shapes is stiffness of
the TRS component.
Surrogate models: surrogate models, response surface models, metamodels, approximation models and prediction models may refer to the same
meaning. Furthermore, we also refer to surrogate models as tree models in
this thesis.
Aerospace engineering: in this thesis, the term aerospace engineering
refers to a field of engineering that deals with development of aircraft engine
component, TRS.
Value: the term value is nowadays increasingly used to refer to a large
and heterogeneous set of needs from multiple stakeholders [44] [45] [17].
Sustainability: the term sustainability refers to the definition of socioecological sustainability using overarching sustainability principles at the
basis of a backcasting perspective [46] [17].
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3.1

Aim and Scope

The thesis aims to explore tree models to support engineers in the early design phase of development of an aircraft engine component, the Turbine Rear
Structure (TRS), via surrogate modelling and sensitivity analysis. An accurate surrogate model can reduce the number of computational simulations
needed for design space exploration. Thus, firstly, we evaluate and compare
the performance of selected supervised learning methods. Secondly, we focus
on one of the methods, Random Forests (RF) which has better accuracy to
analyze and improve the performance of models by hyperparameter tuning
using TRS data. Thirdly, we focus on sensitivity analysis for another TRS
use-case where we investigate the performance of RF on mathematical test
functions including linear and non-linear response functions. RF can also
be used for another challenging task which is screening the design space in
engineering. However, screening is out of the scope of this thesis. Finally,
we focus on integrating TRS data together with another two domains data,
value parameters from value drive design and (2) sustainable parameters
from sustainable product development, in order to assess their impact on the
product life cycle in the early design phase using surrogate models.

3.2

Research Questions

A crucial issue in design of aircraft components is the evaluation of a
larger number of potential design alternatives. This evaluation involves too
expensive procedures, consequently, it slows down the search for optimal
design samples. As a result, scarce or small number of design samples with
high dimensional parameter space will pose issues in learning of surrogate
15
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models. These issues bring the need for investigations of methods of surrogate
modelling for the most effective use of available data.
In this thesis, the main studied problem concerns the evaluation and
analysis of RF for surrogate modelling for the purpose of exploration of larger
search spaces and for speeding up the evaluation of design configurations.
For this, the thesis main research question is formulated as how tree models,
RF, perform on design samples of aircraft engine component for surrogate
modelling and sensitivity analysis to support engineers in design space exploration. We divide this research question into four sub-questions. The
first, second and fourth research questions focus on surrogate modelling and
the third research question focuses on sensitivity analysis based surrogate
modelling for a different use-case of TRS. In the first study (Paper I), we
investigate tree methods for surrogate modelling. Our observations from
this study have been shown that tree methods performed as well as other
state-of-the-practice methods, especially RF to handle non-linearities of data.
Hence, we deepened our investigations into RF. In the second study (Paper
II), we investigate the performance of RF by hyperparameter tuning for
further tasks which are sensitivity analysis in the third study (Paper III)
and integration of other domains in the fourth study (Paper IV). The four
research questions are as follows.
RQ 1: How tree models perform on design samples, and to determine
which regression tree induction yields the best performance?
From domain experts, we learned that surrogate models play an important
role in an early design phase of development of their engine component,
TRS. Hence, we have done some literature review regarding methods to
construct surrogate models. We found that tree methods are rarely used for
this purpose in design engineering though they can handle the challenges
of constructing surrogate modelling. This is the reason, we evaluated and
compared tree methods (M5P and RF) with non-tree methods (Linear
Regression and Support Vector Machines) to address RQ 1 in Paper I.
RQ 2: How can RF be improved to model the available design samples
for design space exploration?
From Paper I, we observed that tree methods performed as well or even
better than non-tree methods. Especially, it has been shown that RF method
is better at capturing the underlying simulation function for challenging
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outputs of TRS comparing to all other methods. This finding motivates and
shows us the potential to further study RF by addressing RQ 2 in Paper
II. In the latter, we present an approach to explore design space exploration
using RF and investigated its performance through hyperparameter tuning.
RQ 3: How does RF method perform on linear and non-linear mathematical functions to support sensitivity analysis for robust design?
The results in Paper II show that performance of RF is improved by
hyperparameter tuning compared to default settings, and also compared to
the methods that have used in Paper I. This allows us to widen up the
application of RF for the task of sensitivity analysis based on surrogate
models for another TRS use-case in robust design to study thermal variations
by addressing RQ3.
RQ 4: How can RF support the construction of surrogate models with
value and sustainability parameters along with design parameters?
In general, value and sustainability parameters are not included in early
design space exploration though these parameters have a great impact on the
product life cycle. Hence, RQ4 is studied to solve this problem by integrating
these parameters together with simulation data (TRS design parameters) to
study their impact on product life cycle by constructing surrogate models.
As RF showed better performance in TRS use-cases, it is also applied on an
integrated dataset to address RQ4.

3.3

Research Methodology

In this thesis, the applied research methodology is similar to most research
in machine learning which is the quantitative approach. Machine learning
is a scientific discipline and it has both theoretical and empirical aspects.
For most of machine learning algorithms, formal analysis is too complex
[47]. Hence, one must learn the performance of algorithms on a specific
domain empirically. These empirical investigations are done using controlled
experiments. The experimentation goal is to better understand a class of
behaviors and the conditions in which they arise. In machine learning,
the central behavior is learning, and the conditions are applied algorithms,
the domain knowledge and the environment in which learning happens.
Pat Langley states “an experiment involves systematically varying one or
17
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more independent variables and examining their effect on some dependent
variables” [47]. Furthermore, one must evaluate the performance of system
behavior while investigating the effect of changing other factors, for instance,
the effect of using other learning algorithms.
As discussed above, this thesis conducts empirical investigations for the
studied research problems, hence, following the quantitative research. The
independent and dependent variables that are studied in the experiments
are as follows.
In Paper I, experiments are conducted to compare the performance
of supervised learning models for surrogate modelling. The independent
variables are the learning algorithms and the dependent variable is the
accuracy, measured as the root mean squared error (RMSE), of the model
on unseen data.
In Paper II, experiments are conducted to improve the performance
of the model by hyperparameter tuning for surrogate modelling. In this
experiment, the independent variables are hyperparameter configurations of
the learning algorithm and the dependent variable is the accuracy (RMSE)
of the unseen data. The control group in these experiments is the learning
algorithm with default hyperparameter configurations.
In paper III, experiments are conducted to study the variations of
selected parameters for sensitivity analysis. In this experiment, the independent variables are the learning algorithms and the dependent variable is the
accuracy (RMSE) of the model on unseen data.
In paper IV, the research question is studied together with two other
research domains namely value drive design and sustainable product development, in which, the role of machine learning is to provide support to integrate
these two areas’ data into TRS data that is used in Papers I-III. Hence,
Paper IV uses another research methodology which is referred to as design
research methodology (DRM) [48]. The DRM consists of four stages which
are (1) Research clarification stage (2) Descriptive study I: the definition of
specific design situation (3) Prescriptive study: the design and development
of the desired design support (4) Descriptive study II: the evaluation of the
effectiveness of such support. More details of each stage are described in
paper IV. Machine learning algorithms come into play in stage 3 and 4. In
this, the independent variables are the design parameters and parameters
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from value and sustainability , and the dependent variable is the studied
outcome of the problem.

3.4

Datasets

This thesis collected datasets from a major aerospace manufacturing industry.
All datasets contain the data of Turbine Rear Structure (TRS), however,
different use-cases of TRS. These data have been generated from computer
simulations where design engineers investigated the design space of TRS.
To be more specific, the exploration starts with a design sample and then
it is analyzed using computer-aided simulation to understand the design
outcome of this sample. This will be done iteratively to explore the design
space of TRS by varying the configurations of design parameters. After this,
surrogate models are constructed with the available data. More details of
each dataset are presented in Papers I-IV.
Furthermore, In Paper III, we have used mathematical test functions in
order to evaluate the sensitivity analysis, and also investigate the performance
of models for linear and nonlinear functions. For this, the data samples have
been generated using Latin Hypercube Sampling (LHS) technique [6] for
both training and testing model.

3.5

Evaluation Measures

The evaluation measures which are used in this thesis are as follows.
Root Mean Squared Error: Root Mean Square Error (RMSE) is
calculated for the prediction error rate of the surrogate model. The RMSE is
calculated as the sum of squared differences of the predicted values and the
actual values of the regression variable divided by the number of predictions
as shown in equation 3.1 [25].
v
u
n
u1X
RM SE = t
(ŷ − y)2

N i=1

(3.1)

Where ŷ is the predicted value and y is the actual value.
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Pearson correlation coefficient: The correlation coefficient measures
the strength of association between the predicted values and the actual
values. The following equation shows the correlation coefficient (r).
r=

yˆi − ŷ¯ (yi − ȳ)



n
X

r
i=1

Pn

i=1





2

yˆi − ŷ¯

(yi − ȳ)

(3.2)
2

Where ŷ is the predicted value and y is the actual value. ŷ¯ is the mean
value of the predicted values; and ȳ is the mean value of the actual values.
The correlation coefficient is bounded between -1 and 1, where r = -1 is a
negative correlation, r = 0 means no correlation, and r = 1 is a positive
correlation in the relationship between the predicted and the actual value of
the samples.
In Paper I, RMSE and Correlation coefficient have been used to evaluate
the prediction performance of models. In Paper II and IV, RMSE have
been used to measure the performance of models. In both Paper I-II,
non-parametric statistical test, Friedman test and Nemenyi test [49], are
carried out for hypothesis test to see the significance differences between
samples.
In Paper III, the experiments are conducted for sensitivity analysis
using surrogate models to get the sensitivity span for the problem of interest,
and RMSE is used to assess the performance of models. The equation for
sensitivity span is as follows.
f span (x1 , x2 , x3 , x4 ) = ŷ max − ŷ min

(3.3)

Where x1 , x2 , x3 and x4 are the uncertain variables, and ŷ min and ŷ max
are the optimal min and max prediction by varying uncertain variables for
the output as discussed in Section 2.1.3. The sensitivity span is the difference
between ŷ min and ŷ max .

3.6

Validity Threats

Validity is evaluated in terms of two major criteria which are internal validity
and external validity [50]. Internal validity is the basic minimum for any
experiments, and it asks the question of “did in fact the experimental
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treatments make a difference in this specific experimental instance?” [51].
External validity asks the question of generalizability [51]. In order to
improve internal validity, we have manipulated the independent variable
to observe the cause and effect vary together. Furthermore, we conducted
statistical tests to make sure that our results and conclusions are not due
to a chance. However, we have threats from external validity, because, we
have drawn these conclusions on our domain datasets. In Paper I, the
conclusions of selected methods were drawn on specific datasets, hence,
it might affect the generalizability of our conclusions on these methods.
Similarly, in Paper II, the investigations of hyperparameters effects on
model performance are studied on our domain datasets. Nevertheless, we
have also studied mathematical test functions in Paper III, thus, the results
can be generalized to some extent.
Furthermore, another external threat in Paper IV is that the proposed
method was applied to one industrial context, hence, it cannot be generalized
to other industrial contexts.
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The main contributions of the thesis relate to explore, evaluate and improve
the tree models for the purpose of surrogate modelling and sensitivity analysis
for design space exploration of aircraft engines’ component, TRS. These
results and contributions presented in four papers are as follows.
Paper I studies surrogate modelling for design space exploration. In
surrogate modelling, the most important aspect considered is the accuracy of
models. We believe that adding interpretability to that accuracy of surrogate
models is even more useful to narrow down the design space of problem
of interest. We explored this possibility through tree models since they
create comprehensible models that are easy to interpret. Thus, we aim
to evaluate the performance of tree models. The empirical investigations
are performed on tree models to determine whether tree models, M5P and
RF, are more accurate than non-tree models, linear regression and support
vector machines. The results show that tree models perform at least as well
as or better than non-tree models. Furthermore, one can understand the
model behavior, the mapping between inputs and output, using tree models.
Consequently, this might help to increase the understanding of design space.
However, we have not demonstrated how can one extract information from
tree models since it was out of the scope of the Paper I.
In Paper II, some more challenges in surrogate modelling which are
small sample size, high dimensionality, and non-linearity of data are identified.
As tree models have shown better performance for surrogate modelling in
Paper I and as RF can handle these challenges, we aimed to improve the
performance of tree models. For this, we proposed an approach that includes
an automated hyperparameter tuning method to improve the performance
of tree models, extracting parameters’ importance and if-then rules from
tree models. The results show that the prediction performance of models
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is improved by hyperparameter tuning for all 17 datasets. Furthermore,
Mtry hyperparameter of RF has an influence on increasing the performance
of models. Hence, the automatized hyperparameter tuning approach for
Random Forest can be used to get accurate surrogate models without needing
manual tuning which might be time-consuming. Furthermore, one can get
benefits of additional advantages of tree model by extracting parameters’
importance and if-then rules for a better understanding of design parameters
and design space of problem of interest.
Paper III studies sensitivity analysis based on surrogate models for
robust design. For this, an approach is presented which has a series of steps
to perform sensitivity analysis based on surrogate modelling. With findings
from Paper I-II, tree models are selected for this purpose too. Furthermore,
one of the challenges of surrogate modelling, non-linearity of data, motivates
us to empirically investigate the performance of tree models for testing
mathematical linear and nonlinear functions together with domain data (an
use-case). These functions also help us to evaluate the performance of models
for sensitivity analysis (SA) since we do not have a ground truth for SA from
our domain use-case data. The empirical investigations are conducted on
these mathematical functions and domain data to determine whether RF can
handle non-linearities more accurately than a widely applied method, the
Multivariate Adaptive Regression Splines (MARS) method. The use-case
results show that RF performs well on non-linear responses (average rank
of RF: 1.28 and MARS: 1.71, the smaller rank is, the better) and MARS
performs well on linear responses (average rank of RF: 1.6 and MARS: 1.4)
for surrogate modelling. The results of the mathematical test functions
also show, similar trend as the use-case results, that RF performs well on
non-linear test functions and MARS performs well on linear test functions
for both surrogate modelling and sensitivity analysis.
Paper V identifies the importance of studying value and sustainability
parameters in early design space exploration, in which, the effects of design
parameters are studied [52]. In current practices, they are not included, hence
the challenge is on how to integrate them into the design space exploration
phase. This challenge is addressed in Paper IV by proposing a model-based
approach with the support of RF generated surrogate models. This approach
has then demonstrated the integration of value and sustainability parameters
to study their effects on product life cycle together with design parameters
in design space exploration.
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Conclusions and Future Work
In this thesis, we have explored, evaluated and improved the performance of
tree models—which are presented in four studies—in surrogate modelling
and sensitivity analysis for design space exploration in aerospace engineering
application.
Surrogate modelling: Four supervised learning regression methods
were explored in order to determine if tree models can be applied for the
studied domain, aerospace engineering. From the experimental results,
we observed that tree models perform well on our domain concepts’ data
with an additional advantage, interpretability of models. Hence, these tree
models were further investigated with a proposed approach that includes
an automated hyperparameter tuning to improve the performance. From
empirical investigations, we observed that the performance of tree models was
improved and we also analyzed that Mtry hyperparameter has an influence
on increasing the performance of models. Furthermore, we demonstrated
how one can extract the parameters’ importance for further exploration.
This information can also be used for dimensionality reduction or screening
design parameters for further analysis, for instance, design optimization.
Moreover, we also demonstrated how to extract if-then rules from Random
Forest models for a better understanding of design parameters and design
space for the studied use-case, Turbine Rear Structure.
Sensitivity analysis: The applicability of tree models was investigated
to study the variations of uncertain parameters on the outcome for robust
design using sensitivity analysis based on surrogate models. Furthermore,
tree models were investigated to address one of the problems of surrogate
modelling which is non-linearity of data. For this, an approach is presented
and empirical investigations were conducted to determine how well tree
models (Random Forests) can handle the non-linearities of data. From the
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results, we observed that tree models perform well on non-linear problems
on average compared to multivariate adaptive regression splines.
As a summary, one method, Random Forests, can be applied for most of
the major tasks in design space exploration which are surrogate modelling,
sensitivity analysis for robust design, and dimensionality reduction by extracting parameters importance. In this thesis, we have shown how it can be
done with empirical investigations on these series of tasks one after another.
Furthermore, tree models have been used as a support to integrate value
and sustainability parameters in early design space exploration phase. One
must consider that we have done investigations with our domain datasets,
the use-cases of Turbine Rear Structure. Nevertheless, mathematical test
functions were also investigated to evaluate the performance of tree models
for surrogate modelling and sensitivity analysis in the third study, and we
believe that these results can be generalized to some extent.

5.1

Future Work

So far, we have focused on evaluating and improving the performance of
Random Forests for surrogate modelling and sensitivity analysis. In future
work, we plan to focus on developing new approaches for surrogate modelling
to tackle high dimensional non-linear problems. One idea to tackle these
problems is to integrate Random Forests with Kriging into a new model.
A bit more precisely, instead of addressing a problem that involves high
dimensionality and non-linearity all at once, we plan to explore it step by
step to handle these characteristics of data, yet the end goal is to have one
model as accurate as possible.
Another challenging task is introduced by domain experts where they
need support for additive manufacturing to detect abnormalities in the
welding procedure. The current practice is the manual checking by process
engineers, however, it is a difficult procedure because of the large size of data
(i.e, images). Furthermore, one has to wait until the manufacturing process
ends to learn about the control parameters’ effect on welding procedure.
This type of post analysis may not help to detect abnormalities completely
before it happens. Consequently, it may lead to low quality of manufacturing.
Also, for manufacturing large parts, the process may take several days and
a defect in the end or about the end of manufacturing may result in wasting
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of machine operational time and cost if the component cannot be used due
to defects. Therefore, we plan to explore this problem to automate the
manual classification criteria to check abnormalities in melt pool images
and to speed up the criteria by image classification using deep learning.
Furthermore, we plan to explore time series prediction methods for early
detection of abnormalities in the welding procedure before they happen.
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Tree-Based Response Surface Analysis
Siva Krishna Dasari, Niklas Lavesson, Petter Andersson, Marie
Persson

Abstract

Computer-simulated experiments have become a cost effective way
for engineers to replace real experiments in the area of product development. However, one single computer-simulated experiment can
still take a significant amount of time. Hence, in order to minimize
the amount of simulations needed to investigate a certain design space,
different approaches within the design of experiments area are used.
One of the used approaches is to minimize the time consumption
and simulations for design space exploration through response surface
modeling. The traditional methods used for this purpose are linear
regression, quadratic curve fitting and support vector machines. This
paper analyses and compares the performance of four machine learning
methods for the regression problem of response surface modeling. The
four methods are linear regression, support vector machines, M5P and
random forests. Experiments are conducted to compare the performance of tree models (M5P and random forests) with the performance
of non-tree models (support vector machines and linear regression)
on data that is typical for concept evaluation within the aerospace
industry. The main finding is that comprehensible models (the tree
models) perform at least as well as or better than traditional black-box
models (the non-tree models). The first observation of this study is
that engineers understand the functional behavior, and the relationship
between inputs and outputs, for the concept selection tasks by using
comprehensible models. The second observation is that engineers can
also increase their knowledge about design concepts, and they can
reduce the time for planning and conducting future experiments.
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6.1

Introduction

The design phase is an important step of product development in the
manufacturing industry. In order to design a new product, the engineers
need to evaluate suitable design concepts. A concept is usually defined
by a set of design variables, or attributes. The design variables represent
various design choices such as the material type or thickness of a specific
part. During the design phase, several concepts are defined by providing
different attribute values. Engineers may opt to use a combination of
computer aided design (CAD) modeling and computer-simulated experiments
instead of real experiments, in order to reduce the time, cost and risk. The
simulations contribute to a better understanding of the functional behavior
and predict possible failure modes in future product use [1]. They are used
to identify interesting regions in the design space and to understand the
relationship between design variables (inputs) and their effect on design
objectives (outputs) [2]. However, one single computer-simulated experiment
can take a significant amount of time to conduct. For instance, to design
a part of an aero engine, an engineer has to simulate, in order to select
an optimal product design, several variants where sets of parameters are
studied with respect to different aspects, such as strength and fatigue, aero
performance and producibility. Conducting simulations for each concept
is impractical, due to time constraints. In order to minimize the time
consumption and simulations, engineers use methods such as design of
experiments and surrogate models, or response surface models, for design
space exploration [3].
Surrogate modeling is an engineering method used when an outcome of
interest cannot be directly measured [4]. The process of surrogate model
generation includes sample selection, model generation and model evaluation.
Sample selection is used to select a set of input samples using different types
of sampling strategies (e.g., random sampling) for model generation [5]. The
next step is to construct surrogate models from a small set of input samples
and their corresponding outputs. The purpose of surrogate modeling is
to find a function that replaces the original system and which could be
computed faster [5]. This function is constructed by performing multiple
simulations at key points of the design space; thereafter the results are
analyzed and then the selection of an approximation model to those samples
follows [5]. In machine learning, this type of learning of an approximation
function from inputs and outputs is called a supervised learning problem.
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The approximation function is real valued so the problem is delimited to
supervised regression learning. The challenge of surrogate modeling is the
generation of a surrogate that is as accurate as possible by using the minimum
number of simulation evaluations. This motivates the generation of surrogate
models in an efficient way that can be used in concept selection.
Statistical approaches have been used to construct surrogate models
using a technique called response surface methodology [6]. Engineers use
statistical regression analysis to find the relationship between inputs and
outputs. They usually generate regression functions by fitting a curve to
a series of data points. Another engineering design strategy to generate
surrogate models is the use of a black box model (e.g., support vector
machines) [7]. The problem with black box models is the lack of information
about the functional behavior and the mapping between inputs and outputs.
Black box models can be accurate but they are not comprehensible, and
there is a need to generate accurate and comprehensive surrogate models
in order to understand the model behaviour. In this study, we use machine
learning algorithms for response surface analysis, and we addresses the
supervised regression problem with tree models. Tree models are used to
create comprehensible models that are easy to interpret [8], since they reveal
the mapping process between inputs and outputs. We can thus interpret
and learn about the approximation function between the inputs and the
outputs. The motivation for selecting tree methods in this study is, tree
has a graphical structure, and tree model representation follows the divide
and conquer approach and this structure provides the information about
important attributes. Mathematical equations and non-linear models are
difficult to understand due to the model representations [9]. We hypothesize
that comprehensible models can be used to increase the understanding about
design spaces with few simulation evaluations while maintaining a reasonable
accuracy level. In our study, we used M5P tree and random forest tree
methods for response surface modeling. These two methods have their tree
nature in common, thus, we refer to them as “tree based learning” in this
study.

6.2

Aim and Scope

The focus of this study is to use supervised machine learning algorithms
for response surface models. The goal of this study is to empirically inves37
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tigate how tree models perform on design samples from concept selection
tasks, and to determine which regression tree induction approach yields the
best performance. We hypothesize that tree models will create accurate
and comprehensive models for response surfaces. The tree algorithms are
applied to real-world data from the aerospace industry. Tree methods (M5P
and random forests) are compared with non-tree methods (support vector
machines and linear regression) to explore potential differences in various
aspects of performance which is accuracy of the response surface models.
This study will not focus on the choice of sampling strategy or dataset
generation strategies in order to optimize the learning process. Instead,
performance is measured on pre-existing and anonymized real-world data.

6.3

Related Work

Gorissen et al. presents a surrogate modeling and adaptive sampling toolbox
for computer based design. This toolkit brings together algorithms (support
vector machines, kriging, artificial neural networks) for data fitting, model
selection, sample selection (active learning), hyper parameter optimization,
and distributed computing in order to empower a domain expert to efficiently
generate an accurate model for the problem or data at hand [7].
Ahmed and Qin used surrogate models for design optimization of a
spiked blunt body in hypersonic flow conditions. This study constructed four
surrogate models, namely a quadratic response surface model, exponential
kriging, gaussian kriging and general exponential kriging based on the values
of drag and heating responses. The authors concluded that exponential
kriging surrogate produces a relatively better prediction of new points
in the design space and better optimized design [10]. Haito et al used
surrogate model for optimization of an underwater glider and compared
several experimental design types and surrogate modeling techniques in
terms of their capability to generate accurate approximations for the shape
optimization of underwater gliders. The authors concluded that combination
of multi-island genetic algorithm and sequential quadratic programming is
an effective method in the global exploration, and showed that the modified
method of feasible direction is an efficient method in the local exploration [2].
Robert et al introduced the use of the treed Gaussian process (TGP) as a
surrogate model within the mesh adaptive direct search framework (MADS)
for constrained black box optimization. Efficiency of TGP method has been
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demonstrated in three test cases. In all test cases, MADS-TGP is compared
with MADS alone and MADS with quadratic models. Finally, the authors
concluded that TGP is taking more execution time to compare with other
two methods but TGP provides the quality of the solution for one of the test
cases. For the other two test cases, TGP gives better solutions compared to
the other methods [11].
Machine learning methods such as support vector machines, artificial neural networks have already been used extensively for surrogate models [10] [7].
These methods are black box models and there are no comprehensible models
that have been developed using machine learning for surrogate models. To
the best knowledge of the authors, tree-based models from machine learning
for response surface analysis have not been investigated for concept selection
tasks in product development. Thus, this study is focused on tree methods
to generate surrogate models.

6.4

Background

In many modern engineering problems, accurate simulations are used instead
of real experiments in order to reduce the overall time, cost, or risk [5]. It is
impossible to evaluate all possible concepts by conducting simulations to
identify the most suitable concept. For instance, an engineer gets requirements to design a product, but he or she might not have enough time to
test all concepts by conducting simulations. Thus, engineers can run few
simulations using few concepts to generate a surrogate model to predict
unseen concepts for design space exploration. Design optimization, design
space exploration, and sensitivity analysis are possible through surrogate
model generation [3].
Engineers choose a set of concepts using suitable sampling strategies.
Latin hypercube sampling (LHS) is one of the most common sampling strategies currently used to select input concepts for surrogate model generation.
The concepts can be changed by many different input variables such as the
materials for various parts, thickness, colors, lengths, etc. The different
variants of concepts are represented in 3D using CAD software. CAD/CAE
(computer aided engineering) is the use of computer systems to assist in the
creation, modification, analysis, or optimization of a design [12]. Through a
CAD model, we can get outputs from each concept or design, which indicates
how the design performs, for example strength, stiffness, weight etc. The
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final step is surrogate model generation based on inputs and outputs.

6.4.1

Methodology

In this section, we briefly introduce the studied machine learning methods
for response surface modeling and the common performance metrics for regression problems. In this study, we use root mean-squared error (RMSE) [8]
and the correlation coefficient [13] to evaluate the predictive performance.
The RMSE is calculated as the sum of squared differences of the predicted
values and the actual values of the regression variable divided by the number
of predictions. This RMSE gives an idea to the engineer about the difference
between actual values and predicted values. The correlation coefficient (CC)
measures the strength of association between the predicted values and the
actual values [13]. The following equations show the RMSE [8] and the
correlation coefficient (CC) [13].
RM SE =

n
1X
(ŷ − y)2
N i=1

(6.1)

Where ŷ is the predicted value and y is the actual value.
CC =

n
X
i=1


r
Pn

yˆi − ŷ¯ (yi − ȳ)

i=1





2

yˆi − ŷ¯

(yi − ȳ)

(6.2)
2

Where yˆi is the predicted value; yi is the actual value; ŷ¯ is the mean value
of the predicted values; and ȳ is the mean value of the actual values.
The main purpose of this study is to investigate the performance of
tree models for response surface analysis. Hence, we have selected the
M5P algorithm and the RF algorithm. The M5P and random forests (RF)
algorithms are tree models and these two models show the functional behavior
between the inputs and the outputs in a comprehensible way. To compare
tree model performance against a traditional benchmark, we have selected
two more models linear regression (LR) and support vector machines (SVM).
These algorithms are regression methods, but these two algorithms do not
show the function behavior between inputs and outputs.
6.4.1.1

Linear regression

is a statistical method for studying the linear relationship between a dependent variable and a single or multiple independent variables. In this study,
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we use linear regression with multiple variables to predict a real-valued
function. The linear regression model is considered in the following form [8].
x = w0 + w1 a1 + w2 a2 + . . . + wk ak

(6.3)

Where x is the class; a1 , a2 , . . . ak are the attribute values; w0 , w1 . . . wk
are weights. Here, the weights are calculated from the training data. The
linear regression method is used to minimize the sum of squared differences
between the actual value and the predicted value. The following equation
shows the sum of squares of the difference [8].
n
X


x(i) −

i=1

k
X

2

(6.4)

wj aj (i) 

j=0

Where the equations shows the difference between the ith instance’s actual
class and its predicted class.
6.4.1.2

M5P

Quinlan developed a tree algorithm called M5 tree to predict continuous
variables for regression [14]. There are three major steps for the M5 tree
construction development: 1) tree construction; 2) tree pruning; and 3) tree
smoothing. Detailed descriptions for these three steps are available in [14].
The tree construction process attempts to maximize a measure called the
standard deviation reduction (SDR).
Wang modified the M5 algorithm to handle enumerated attributes and
attribute missing values [15]. The modified version of the M5 algorithm is
called the M5P algorithm. The SDR value is modified to consider missing
values and the equation is as follows [15].




X |Tj |
m
SDR =
× β(i) × sd(T ) −
× sd(Tj )
|T |
|T |
j∈L,R

(6.5)

Where T is the set of cases; Tj is the jth subset of cases that result from
tree splitting based on set of attributes; sd(T ) is the standard deviation of
T ; and sd(Ti ) is a standard deviation of Ti as a measure error; m is the
number of training cases without missing values for the attribute; β(i) is
the correction factor for enumerated attributes; TL and TR are the subsets
that result from the split of an attribute.
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6.4.1.3

SVM

This method is used for both classification and regression and it is proposed
by Vapnik [16]. In the SVM method, N-dimensional hyperplane is created
that divides the input domain into binary or multi-class categories. The
support vectors are located near to the hyperplane, and this hyperplane
separates the categories of the dependent variable on each side of the plane.
The kernel functions are used to handle the non-linear relationship. The
following equation shows the support vector regression function [17].
y¯i =

n
X

(αj − αj∗ )K(xi , xj ) + b

(6.6)

j=1

where K is a kernel function; αj is a Lagrange multiplier and b is a bias.
Detailed descriptions of these concepts of SVM can be found in [18] [16].
6.4.1.4

Random Forest

This method is an ensemble technique developed by Breiman. It is used for
both classification and regression [19], and it combines a set of decision trees.
Each tree is built using a deterministic algorithm by selecting a random
set of variables and random samples from a training set. To construct an
ensemble, three parameters need to be optimized: (1) ntree: the number
of regression trees grown based on a bootstrap sample of observations. (2)
mtry: the number of variables used at each node for tree generation. (3)
nodesize: the minimal size of the terminal nodes of the tree [19].
An average of prediction error estimation of each individual tree is given
by mean squared error. The following equation shows the mean squared
error (MSE) [19].
M SE = n-1

n
X

[Ŷ (Xi ) − Yi ]2

(6.7)

i=1

Where Ŷ (Xi ) is the predicted output corresponding to a given input sample
whereas Yi is the observed output and n represents the total number of out
of bag samples.

6.5

Experiments and Analysis

In this section, we present the experimental design used to compare the
methods for response surface modeling. We use the algorithm implemen42
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tations available from the WEKA platform for performance evaluation [8].
The experimental aim is to determine whether tree models are more accurate
than mathematical equation-based models. To reach this aim, the following
objectives are stated:
1. To evaluate the performance of LR, M5P, SVM and RF for response
surface modeling.
2. To compare tree models and non-tree models on the task of design
space exploration.

6.5.1

Dataset Description

The algorithms are evaluated on two concept-selection data sets obtained
from the aerospace industry. These datasets are from simulations and
sampled by using LHS. The first dataset consists of 56 instances with 22
input features and 14 output features. The second data set includes 410
instances defined by 10 input features and three output features. In the
company which is aerospace industry, engineers generate one regression
model for each output feature. For this single output model, we have 14 sub
data sets for the first dataset, and three sub datasets for the second dataset.
We generate 14 new single-target concept-selection data sets, D1-1 to D1-14
by preserving its input features and values, and selecting a different output
feature for each new data set. Using the same procedure as for the first data
set, we generate three new single-target concept-selection data sets, D2-1 to
D2-3.

6.5.2

Evaluation Procedure

We use cross-validation to maximize training set size and to avoid testing
on training data. Cross-validation is an efficient method for estimating the
error [20]. The procedure is as follows: the dataset is divided into k sub
samples. In our experiments, we choose k = 10. A single sub-sample is
chosen as testing data and the remaining k - 1 sub-samples are used as
training data. The procedure is repeated k times, in which each of the k
sub-samples is used exactly once as testing data and finally all the results are
averaged and single estimation is provided [20]. We tuned the parameters
for RF and SVM. For RF, we use a tree size of 100, and for SVM, we set
the regularization parameter C to 5.0, and the kernel to the radial basis
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Table 6.1: Performance comparison on 17 datasets
Data
set
D1-1
D1-2
D1-3
D1-4
D1-5
D1-6
D1-7
D1-8
D1-9
D1-10
D1-11
D1-12
D1-13
D1-14
D2-1
D2-2
D2-3
Avg.
rank

LR
0.5787(2)
10.8545(3)
0.2838(3)
0.0062(1)
0.2414(3)
0.0051(2)
0.1416(3)
0.0232(2)
0.0907(2)
0.0232(2)
4.4332(3)
0.0196(1)
0.0419(1)
0.1549(2)
0.0676(4)
0.1270(3)
1.2226(2)
2.29

M5P
RF
RMSE (rank)
0.2059(1)
2.0553(4)
5.2926(1)
10.4724(2)
0.2726(2)
0.3155(4)
0.0062(1)
0.0171(3)
0.2252(2)
0.2720(4)
0.0050(1)
0.0151(4)
0.1421(1)
0.1714(4)
0.0127(1)
0.0459(4)
0.0888(1)
0.1067(4)
0.0122(1)
0.0464(4)
3.9521(2)
5.5322(4)
0.0199(2)
0.0254(4)
0.0419(1)
0.0482(3)
0.1648(4)
0.1248(1)
0.0647(2)
0.0602(1)
0.0673(1)
0.0757(2)
1.1370(1)
1.2752(4)
1.47

3.29

SVM

LR

0.9553(3)
11.6372(4)
0.2545(1)
0.0091(2)
0.2178(1)
0.0080(3)
0.1442(2)
0.0315(3)
0.0928(3)
0.0318(3)
2.9258(1)
0.0237(3)
0.0466(2)
0.1580(3)
0.0661(3)
0.1306(4)
1.2469(3)

0.995(2)
0.8273(4)
-0.1562(2)
0.9922(1)
-0.0585(3)
0.9945(2)
-0.6527(4)
0.9792(2)
-0.6381(4)
0.9801(2)
0.9805(3)
0.8211(1)
0.1186(1)
0.4980(3)
0.6655(4)
0.5190(4)
0.4312(3)

2.58

2.64

M5P
RF
CC (rank)
0.9994(1)
0.9700(4)
0.9640(1)
0.8900(2)
-0.0232(1)
-0.3133(4)
0.9922(1)
0.9688(3)
0.1302(1)
-0.2878(4)
0.9947(1)
0.9724(4)
-0.0952(1)
-0.3265(3)
0.9938(1)
0.9661(4)
-0.0125(1)
-0.3362(3)
0.9945(1)
0.9727(4)
0.9846(2)
0.9747(4)
0.8175(2)
0.6747(4)
0.1137(2)
-0.0592(3)
0.4335(4)
0.7143(1)
0.6995(2)
0.7482(1)
0.9031(1)
0.8639(2)
0.5445(1)
0.4918(2)
1.41

3.05

SVM
0.9908(3)
0.8373(3)
-0.1696(3)
0.9859(2)
0.1817(2)
0.9884(3)
-0.1366(2)
0.9766(3)
-0.0495(2)
0.9777(3)
0.9916(1)
0.7251(3)
-0.0984(4)
0.5057(2)
0.6853(3)
0.5194(3)
0.4296(4)
2.70

function. These parameters are tuned in WEKA [8]. We start with a C
value of 0.3 and then increase with a step size of 0.3 until the performance
starts to decrease. We select the number of trees starting from a low value
and then increase up to 100 for improved accuracy.

6.5.3

Experiment 1

In this section we address the first objective. For this purpose, we trained
the four methods with 10 fold cross-validation on datasets D1-1 to D1-14
and D2-1 to D2-3. For this experiment, we normalized the D2-1, D2-2 and
D1-14 datasets. Table 6.1 shows the RMSE values, CC values and the ranks
for the four methods.
Analysis: For 11 out of 17 datasets the use of the M5P tree method
yields the best results with respect to the RMSE metric. The LR and SVM
algorithms outperformed the other algorithms for three datasets each, and
the last method: RF yields the lowest RMSE for only two datasets. When it
comes to the CC performance metric, M5P tree yields the best performance
for 11 datasets, and LR yields the best performance for three datasets.
The other methods, RF and SVM, yield the best CC for two datasets.We
observe that tree models (M5P in 11 cases and RF in 2 cases) are performing
better in a majority of cases compared to the other models for LHS sampled
datasets. The reason for this could be that tree models divide the design
space into regions and create a separate model for each region, whereas SVM
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and LR create single model over the entire design space. Tree models are in
general regarded as more comprehensible models than the other investigated
models [9]. We observe that tree methods could be used to gain knowledge
of design samples for design space exploration, by finding the decision paths
from the root of the tree to the top branches. For instance, an engineer
using a tree method to predict the output value y based on the input values
x1 , x2 , x3 , . . . , xn , can increase his understanding of the relationship between
inputs and output by analyzing their mapping. On the other hand, when
the engineer wants to predict a new y value for various concepts, there is
a possibility to reduce the time because the engineer has already reached
an understanding about the model, and can also make informed decisions
regarding future experiments.
Our experiment requires statistical tests for comparing multiple algorithms over multiple datasets. The Friedman test is a non-parametric
statistical test that can be used for this purpose [21]. It ranks the algorithms for each dataset based on the performance. The best performing
algorithm gets a rank of 1 and the second best algorithm gets a rank of 2 and
so on, and finally it compares the average ranks of the algorithms [21]. The
common statistical method for testing the significant differences between
more than two sample means is the analysis of variance (ANOVA) [22].
ANOVA assumes that the samples are drawn from normal distributions [21].
In our study, the error measure samples cannot be assumed to be drawn
from normal distribution hence we violate the ANOVA parametric test. The
hypothesis is:
Ho : LR, M5P, SVM and RF methods perform equally well with respect to
predictive performance
Ha : There is a significant difference between the performances of the methods
The statistical test produces a p-value of 0.0003 for RMSE, and a p-value
of 0.0016 for CC. The p-value is less than the 0.05 significance level. We
therefore reject the null hypothesis and conclude that there is a significant
difference between the performances of methods. Furthermore, we conducted
post a hoc test for pairwise comparisons to see the individual differences. For
this purpose, we used the Nemenyi test [21]. Table 6.2 shows the p-values
for the pairwise comparison.
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Figure 6.1: Plots for four design objectives using four methods

Table 6.2: Pairwise comparisons
Pairwise
comparison
M5P-RF
M5P-SVM
M5P-LR
LR-SVM
RF-SVM
LR-RF

6.5.4

RMSE
p-value
0.0002
0.0394
0.4611
0.6296
0.4611
0.0394

CC
p-value
0.0015
0.0182
0.0665
0.9667
0.8848
0.6296

Experiment 2

In this section, we address the second objective to compare tree models and
non-tree models on the task of design space exploration. We created 14
validation datasets contain 22 features with 30 instances. The input data has
the form of input 30 instances for design variable (input) X values equally
distributed between 50 and 120. This input set was created based on six
existing concept instances provided by an engineer, by incrementing the
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value of one of its inputs with a predefined step size and within a predefined
interval, to explore the response, or impact, on different design objectives
(outputs) when varying a specific design variable, which design variable X
values are unequally distributed in the range from 50 to 120. In general,
the experiment produced as many as 14 different design objectives, but in
Experiment 2 we focus on four design objectives.
The four selected design objectives are identified by the engineer as
challenging outputs (design objectives CO1 to CO4), i.e., more difficult to
predict and of higher priority. One of the design variables is defined by the
engineer as the key input (here called design variable X value). These four
design objectives and response variables have high importance in order to
build a particular part in the flight engine. For example, if the product is
aircraft engine, then the design variables can be length, width, curvature
etc., and the design objective is to find the shape for aircraft wing. Figure
6.1 shows four design objectives (sub-plots), design variable X values on
x-axis and response value on y-axis. For design objectives CO1, CO3 and
CO4, the result of predictions is same for LR and M5P. The first observation
is that RF accurately predicts the actual values, at least in the case of design
objectives CO1 to CO3. The RF plot appears to have changing trends
approximately following that of the labeled dataset (Actual value). The
predicted output values of RF are also closest to the actual value for the
majority of instances. The other models predicted output values that seems
completely monotonic, and appear to almost follow a straight line. For the
design objective CO4, SVM fits well to the actual values. These observations
indicate an advantage for RF over the other models with regard to fitting
the challenging outputs.

6.6

Conclusions and Future work

The main goal was to investigate the performance of tree models for response
surface modeling. We studied two tree methods (M5P and RF) and two
non-tree methods (LR and SVM). Experiments were conducted on aerospace
concept selection datasets to determine the performance. The results show
that tree models perform at least as well as or better than traditional blackbox models. We addressed the single-output regression problem for response
surface models. Our future work will contrast this work with a multi-output
regression approach to explore tree-based surrogate model comprehensibility
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7
Random Forest Surrogate Models to
Support Design Space Exploration in
Aerospace Use-case
Siva Krishna Dasari, Abbas Cheddad, Petter Andersson

Abstract

In engineering, design analyses of complex products rely on computer simulated experiments. However, high-fidelity simulations can
take significant time to compute. It is impractical to explore design
space by only conducting simulations because of time constraints.
Hence, surrogate modelling is used to approximate the original simulations. Since simulations are expensive to conduct, generally, the sample
size is limited in aerospace engineering applications. This limited sample size, and also non-linearity and high dimensionality of data make
it difficult to generate accurate and robust surrogate models. The aim
of this paper is to explore the applicability of Random Forests (RF)
to construct surrogate models to support design space exploration.
RF generates meta-models or ensembles of decision trees, and it is
capable of fitting highly non-linear data given quite small samples. To
investigate the applicability of RF, this paper presents an approach
to construct surrogate models using RF. This approach includes hyperparameter tuning to improve the performance of the RF’s model,
to extract design parameters’ importance and if-then rules from the
RF’s models for better understanding of design space. To demonstrate
the approach using RF, quantitative experiments are conducted with
datasets of Turbine Rear Structure use-case from an aerospace industry
and results are presented.
Keywords: machine learning, random forests, hyperparameter
tuning, surrogate model, meta-models, engineering design, aerospace.
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7.1

Introduction

In aerospace industry, engineers develop highly complex composite and
metallic engine structures, fan cases and exhaust systems. The early design
phase of these components and their performance estimation is a complex
multidisciplinary problem, and it involves analyzing the effects of aero
performance, mechanical functions and producibility aspects. For this,
simulations play a vital role to help to have a better understanding of
the functional behaviour and to predict possible failure modes in design
concepts. However, high-fidelity simulations can take significant time to
compute. Typically, a large system has millions, if not billions of possibilities
to explore in the design space [1]. Thus, it is impractical to explore the
design space by conducting simulations for all possible design concepts due
to the time constraints. Hence, to minimize the number of simulations which
is needed to investigate a certain design space, different approaches are
used. One of the approaches is surrogate modelling which is also known as
response surface modelling and metamodeling [2] [3].
Surrogate models are used to approximate the time-consuming simulations by mimicking the complex behaviour of the underlying simulation
model. This provides a great opportunity to explore as many as design
concepts without needing more computationally expensive simulations. The
generation of surrogate models requires a dataset of inputs and known outputs. Since simulations are expensive to conduct, datasets are usually small
in real-world context. The size of the data sets and the complexity of the
underlying simulation model make it difficult to generate accurate enough
and robust surrogate models. Thus, the challenge is to generate a model as
accurate as possible with a small size of datasets for design space exploration.
This motivates to study surrogate modelling and methods that can be helpful
to construct surrogate models as accurate as possible. For instance, in many
studies, the applicability of widely used methods such as Support Vector
Machines (SVM), Artificial Neural Networks, Radial Basis Function, Kriging
methods, and Linear Regression (LR) have been investigated to construct
surrogate models [4] [5] [6] [7] [8].
Furthermore, the performance of two tree methods (Random Forests and
M5P) have been investigated for surrogate modelling and concluded that
these tree models performed as similar to the widely used methods such as
LR and SVM [9]. The authors of this study stated that tree model could
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provide comprehensibility (if-then rules) that could be used to interpret
model behaviour. Though tree models have been suitable and have shown to
have a better performance in other applications, they have been rarely used
for surrogate modeling in design engineering. Furthermore, Random Forests
(RF) generate ensembles of decision trees, and they are capable of fitting
highly non-linear data given quite small samples [10] [11]. Therefore, we
choose a tree method, RF, to explore its applicability for surrogate modeling.
The aim of this paper is to support design space exploration of Turbine Rear
Structure (use-case) using RF generated surrogate models. For this, we
present an approach that aims (1) to construct surrogate models by RF (2)
to improve RF’s model performance using hyperparameter tuning method
(3) to extract design parameter importance and rules from RF’s generated
surrogate models. We present related work in Section 7.2, our approach in
Section 7.3, experiments in Section 7.4, results and analysis in Section 7.5,
and conclusions in Section 7.6.

7.2

Related Work

In this section, we present related work on several methods that have been
used to construct surrogate models. We found that Kriging and Polynomial
methods are commonly used to construct surrogate models [8] [12] [13].
Mack et al. have used Polynomial response surface approximation for
multi-objective optimization of a compact liquid-rocket radial turbine in
aerospace application [3]. Thorough investigations of Polynomial Regression,
Multivariate Adaptive Regression Splines, Radial Basis Functions, Kriging
and Bayesian Neural Networks were conducted, and some observations
were presented in the following studies [14] [15]. For instance, a drawback
of Polynomial models is that they have limited flexibility and need prior
knowledge of underlying functions [16].
In another study, the authors used Random Forests (RF) to construct
surrogate models for design optimization of a car and concluded that RF is
performing as well as Kriging method [7]. Though Kriging is another well
studied method for surrogate model generation, the use of Kriging method
is not trivial to construct surrogate models due to its global optimization
process [17] for non-experts who are unaware of Kriging methodology. On
the other hand, the construction of RF is not as difficult as Kriging but still
shows an equal performance. RF was also compared with Support Vector
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Machines, M5P and Linear Regression and the authors observed that RF
is performing as well as these methods [9]. Though RF models have been
shown a better performance for these two studies and also other applications,
they have been rarely used for surrogate modeling in design engineering.
These observations motivate us to study RF applicability for our design
study problem.
Furthermore, we focused on related work on how to improve the performance of RF, and we found that hyperparameter tuning of RF could
help achieve that [10] [18] [19]. Regarding this, Oshiro et al. analysed the
performance of Random Forests by tuning the number of trees (Ntree) for
classification tasks [20]. The authors provided insights about Ntree (threshold configurations). Diaz et al. also mentioned about hyperparameters of
RF that increasing Mtry can lead to a small decrease in error rate and vice
versa [18]. Similar to these studies, we focus on tuning hyperparameters of
RF for regression instead of classification tasks.
Terminology: A design concept (also called an instance) is a set of
design parameters (also called variables or inputs) and design objectives
(also called outputs) that explain the design of Turbine Rear Structure (TRS)
component. In every design concept, the design variables and objectives
are the same, but the values vary. Design space exploration is investigating
alternative design concepts in order to find an optimal design concept that
fulfill design requirements and constraints prior to implementation. The
term hyperparameter refers to the characteristic of a method. For instance,
Ntree and Mtry are the hyperparameters of the RF method.

7.3

An Approach to Explore Design Space using
Random Forests Surrogate Models

In this section, we present our approach, that is shown in Fig. 7.2, to explore
the design space of Turbine Rear Structure through RF generated surrogate
models.

7.3.1

Use-case: A Design Study of Turbine Rear Structure

The geometry model of Turbine Rear Structure (TRS) is shown in Fig. 7.1,
and it is a component of aircraft engine. TRS is a complex component of
engine which involves multidisciplinary studies that address the behaviour
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of the design from mechanical, aerothermal and producibility aspects. For
better understanding of design space of TRS, engineers divide design space
into several design studies incrementally to evaluate different aspects of
the proposed design, piece by piece unveiling behaviour and constraints.
In this study, we use data from one of TRS design studies that focus on
investigating four design parameters of hub configuration (inputs) such as
hub rear stiffener height, forward hub wall angle, hub knee point radial
position and bearing flange axil position shown in Fig. 7.1, to get better
understanding about them. These design parameters are studied together
with 17 other parameters related to thickness groups (engine mount, hub
surface, mount sectors etc), turbine vanes and outer case. In total, 21 design
parameters are used to create computer aided design (CAD) models which
are analysed using finite element analysis. The outputs (design objectives)
from this analysis are shown in Table 7.1.

Figure 7.1: Left: Turbine Real Structure case (TRS), Middle: Hub configuration of TRS (with other aircraft engine parts), and Right: Four design
parameters of hub configuration (a more detailed from middle picture)

For this design study, a total of 56 design concepts were generated from
finite element analysis. These 56 design concepts are too small to understand
the design space of parameters. At the same time, it is time-consuming to
perform finite element analysis on more design concepts. Therefore, surrogate
models are constructed to analyse more design concepts in order to reduce
the number of simulations that are needed for design space exploration.
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Figure 7.2: An approach to explore design space using Random Forest (RF)
surrogate models: (a) and (b) show the construction of surrogate models
and a brief visual representation of RF, and (c) shows an example of an
if-then rule extracted from surrogate models.

7.3.2

Surrogate Model Generation

In surrogate modelling, the aim is to determine a continuous function fˆ
(model) of a set of design variables x = x1 , x2 , ..., xn from a limited amount
of available data D (shown in Fig. 7.2 (a)). The available data D represent
the exact evaluations of the function f , and in general cannot carry sufficient
information to uniquely identify f . Thus, surrogate modelling deals with
two problems which are constructing a model fˆ from the available data D,
and evaluating the error ε of the model [3]. The prediction of the simulation
based model output using surrogate modelling approach is formulated as
follows:
f (x) = fˆ(x) + ε(x)
(7.1)
Where fˆ(x) is the predicted output and ε(x) is the error in the prediction. The construction of response surface model involves several steps
(shown in Fig. 7.2) [2]: (1) Design of experiments: A set of design variables (x = (x1 , x2 , ..., xd )T , T means transpose of vector) and their values
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are selected (2) Numerical simulations: Let f be the black-box function
(simulations), evaluate f on design points yi = f (xi ) where xi ∈ Rd and
yi ∈ R (3) Construction of response surface model: Consider the data
D = {(x1 , y1 ), . . . , (xn , yn )}, given the data, a continuous function fˆ is
determined to evaluate new design point ŷ = f (x̂i ) (4) Model validation:
Assessing the predictive performance of fˆ from the available data D. We
used Random Forest to construct surrogate models and the brief description
of it is as follows:
Random Forests (RF) is an ensemble method that is a combination of
multiple methods, and can handle nominal, categorical and continues data,
thus, it is used for both classification and regression [21]. RF contains several
decision trees. Each tree in the forest represents a model. It is built using a
deterministic algorithm by selecting a random set of variables and random
samples from the training set. Two hyperparameters of RF are needed to
build a forest: Ntree - the number of trees to grow in the forest based on a
bootstrap sample of observations, and Mtry - a number of features which
are randomly selected for all split in the tree. The training procedure of RF
is as follows (a brief visual representation is shown in Fig. 7.2 (b)):
1. From a dataset D, draw a bootstrap sample D0 randomly with replacement for each tree construction.
2. Build a tree T using the bootstrap sample, at each node, choose the
best split among a randomly selected subset of Mtry descriptors. The
tree is constructed until no further splits are possible or reaching given
Node size limit.
3. Repeat the 2nd step until user defined number of trees is reached.
When choosing the bootstrap samples to build a tree, some of the training
data may be repeated and some of the samples are left out. These left out
data samples are called out-of-bag samples. For RF model generation, two
thirds of all training samples are used for deriving the regression function
whereas one third forms the out-of-bag samples. A regression tree is built
using randomly selected training samples, and out-of-bag samples are used
to test for the accuracy of the tree.
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7.3.3

Improve Random Forests Model Performance

We found that one of the ways to improve the performance of a model is
hyperparameter tuning [10] [18] [19]. We use the same method to improve
the performance of RF models, and the procedure is as follows. Firstly, two
hyperparameters and a set of parameter configuration values are selected
for parameter tuning of RF. The detailed descriptions of parameters and
configurations are explained in section 7.4.2 (Hyperparameters and Configuration Selection). Secondly, experiments are conducted to construct
surrogate models using our design study data with those parameter configurations of RF. Finally, Root Mean Square Error (RMSE) is calculated for
the prediction error rate of the surrogate model. The RMSE is calculated as
the sum of squared differences of the predicted values and the actual values
of the regression variable divided by the number of predictions as shown in
equation 7.2 [22]. Where ŷ is the predicted value and y is the actual value.
v
u
n
u1X
t
RM SE =
(ŷ − y)2

N i=1

7.3.4

(7.2)

Parameters Importance and Rules from RF Surrogate
Models

As mentioned earlier in Section 7.3.2, numerical simulations use a black-box
function to evaluate design points. Hence, the mapping procedure from input
to output parameters are hard to interpret. Hence, if we can provide some
information regarding this mapping procedure, it could help to understand
the design space better and make informed decisions about design parameters.
This is one of the reasons to select the RF method to construct surrogate
models, because it provides parameter importance. Furthermore, it can
provide rules that could help to understand the design space. For instance,
we can observe where the first split is on design space and which design
parameter is used for that split. In order to extract information from RF, we
use the InTrees framework which is presented in [23]. The InTrees framework
extracts information from the trees in the form of if-then rules, and prunes
redundant rules and leaves the non-redundant rules in the forest. These
rules may provide some information regarding the prediction behaviour to
understand the relationship between input and output parameters. An
example of the if-then rule is shown in Fig. 7.2 (c).
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7.3.5

Decision Support

The end goal of our design study application is to analyse design parameters
(inputs) by exploring design concepts, and then to get some insights about
them. For this, we use Random Forest surrogate models as a support in
decision making by (1) predicting the value of design objectives for as many
design concepts as possible to reduce computational expensive simulations
needed to explore the design space (2) getting insights about the importance
of design parameters towards the design objectives, and when needed, reduce
number of parameters to narrow down its space for further analysis, and (3)
extracting if-then rules that could help to better understand the reasoning
of prediction behavior of the RF surrogate model.

7.4

Experimental Design

This section presents the experimental design to construct surrogate model
by Random Forests.

7.4.1

Dataset Descriptions

We have a dataset D1 from our design study which contains 56 design
concepts (instances). Each design concept describes a possible design of TRS
which is a component of an aircraft engine. The design concepts are selected
from the design space of a turbine vane using Latin hypercube sampling
technique. Later, simulations were conducted using selected design concepts
to get their design objectives (outputs). The 56 concepts contain 21 design
variables (Section 7.3.1) and 14 design objectives with continuous values.
We use these simulated design concepts to construct surrogate models. Since
we have 14 outputs, we divided the dataset into 14 sub-datasets as single
output design concept datasets. This means that we have an independent
RF model for each output, hence 14 models. We have another dataset D2
related to TRS with 410 design concepts with three more outputs (D2-15,
D2-16 and D2-17). Table 7.1 (second row) shows the description of design
objective or outcome of TRS for all datasets. We used in total, 17 datasets
for experiments, and we named them as D1-1, D1-2. . . , D2-17.
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7.4.2

Hyperparameters and Configuration Selection

We selected Mtry and Ntree hyperparameters to tune RF. The motivation
is, these parameters have an effect on model performance. For instance, a
previous study states that increasing the size of tree (Ntree) can decrease
the forest error rate, and decreasing number of random features (Mtry) can
reduce the strength of a tree (increases the error rate) [20]. Threshold range
was provided for Ntree which is 1 to 128 to increase accuracy for classification
tasks [20]. We also selected a narrower range of Ntree configuration values
between 10 and 130 with step size 10. We select Mtry configuration values
from minimum to maximum number of input features from datasets with
step size 2. For instance, for n = 5 input features, the Mtry configurations
are 1, 3 and 5. We automatized hyperparameter tuning using the following
procedure to get a model with a better RMSE.
1. Set configuration values for Mtry and Ntree. The maximum Mtry
value should be n-1 where n is the number of features in the datasets.
2. Generate possible configurations using Mtry and Ntree.
3. Construct a model with single output dataset using RF.
4. Repeat step 3 for each possible hyperparameter configuration value.
5. Evaluate the performance of model for each hyperparameter configuration value.
6. Select the model, which has least RMSE.
7. Repeat steps 1-6 for every single output dataset.

7.4.3

Experiment

We used the selected hyperparameter configuration values (Ntree 10 to 130
with step size 10 and Mtry from 1 to 21 with step size 2) to generate possible
combinations of configurations for all selected datasets. We have 143 possible
parameter configurations for datasets D1-1 ..., D1-13 and 130 for D2-14 ...,
D2-17. Later, we conducted the experiment to construct surrogate models
using RF by tuning the selected hyperparameter’s configurations (Ntree and
Mtry) with 10 fold cross-validation [24]. We measured RMSE to evaluate
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Table 7.1: Description of output from TRS design study, and RMSE performance comparison of default RF and tuned RF on 17 datasets
Data Set
D1-1
D1-2
D1-3
D1-4
D1-5
D1-6
D1-7
D1-8
D1-9
D1-10
D1-11
D1-12
D1-13
D1-14
D2-15
D2-16
D2-17

Output Description
Related to Angles for Turbine Hub and
Cone

Related to Measure Points for the
Tolerance Stability to Weld

TRS Mass
Related to Fan Blade out
Load Cases
Welding Life
Related Stress at Leading Edge and
Trailing Edge
Time Step Trailing Edge

RMSE
Default RF
Tuned RF
2.0553
0.0296
10.4724
3.5116
0.3155
0.2185
0.0171
0.0061
0.2720
0.1658
0.0151
0.0056
0.1714
0.1297
0.0459
0.0118
0.1067
0.0791
0.0464
0.0121
5.5322
3.4871
0.0254
0.0223
0.0482
0.0298
0.1248
0.1169
0.0602
0.0462
0.0757
0.0466
1.2752
0.7535

the prediction accuracy. We used R software environment and RF packages
to conduct experiments.

1

7.5

Results and Analysis

In this section, we present the prediction error (RMSE) of RF surrogate
models in order to predict the value of design objective (output) for as many
design concepts (inputs) as possible, and to reduce the number of expensive
simulations that are needed for design space exploration. Table 7.1 shows
RMSE for RF with default parameter configurations (Ntree = 100 and Mtry
= 5), and tuned RF. The results show that tuned RF yields the best results
compared to RF with default configurations for all datasets. Furthermore,
we compared our study results to those reported in [9] for the same datasets,
and we found that tuned RF performs better than Support Vector Machines,
Linear Regression and M5P.
In this paper, we included RMSE results (Table 7.1) for one Mtry configuration which gave the best results compared to the other configurations.
Due to the page limit, the RMSE results for the rest of Mtry configurations
are available on the online web link 2 . These RMSE results show that the
1

RF: https://cran.r-project.org/web/packages/randomForest/
randomForest.pdf
2
https://github.com/dasSiv/Mtry-analysis.git
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prediction error is decreased by hyperparameter tuning, and we observed
that Mtry has influence on the prediction error. We can support our observation on Mtry with Diaz et al.’s study observations on Mtry that shows
similar effects [18], however, for classification tasks. Regarding Ntree, we
observed that it has little influence on the performance. Hence, the threshold
values of Ntree which are provided for classification tasks [20] and also for
our configurations (Ntree: between 10 and 130) can be recommended for
regression tasks too.
In order to test if Mtry has significant influence on the prediction error,
we conducted the Friedman statistical test [25] to test the null hypothesis
which is there is no significant difference between Mtry parameter values and
predictive performance. From the Friedman statistical test, we got p-value
which is less than 0.05 significant level, hence, rejecting the null hypothesis.
Thus, there is a significant performance difference between different Mtry
values. In addition, we conducted the post hoc Nemenyi test for pair wise
comparison to see individual differences. These pair wise statistical results
indicate that there is significant difference between larger Mtry configurations
and smaller Mtry configurations. The post hoc Nemenyi test results are also
available on the same online link 2 .
As a summary of the analysis, we see that automated hyperparameter
tuning helped us to get a model with better performance. Also, it only
took between 2 to 3 minutes to run all hyperparameter configurations. The
system we used is a 64-bit Windows 7 Operating System with 2.7 GHz
Intel Core i7-4600U CPU and 8 GB RAM. Since we have small sample size–
and also in general, surrogate models usually are built using small size of
samples– of datasets, we believe this automated procedure has a reasonable
time complexity. Thus, this procedure is recommended for design engineers
when they construct surrogate models with small sample sizes using RF for
hyperparameters tuning to get a model with better prediction accuracy.

7.5.1

Parameters Importance and Rules Extraction

In this section, we present how to get variable importance and rules from
RF surrogate models. For this, we focus on one of the design objectives
of the turbine rear structure (TRS) which is TRS mass (D1-11 dataset in
Table 7.1). The measure that we used to extract parameter’s importance
is the increase in mean squared error (MSE) as a result of a parameter
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permutation (more details on parameters importance can be found in [21]).
Hence, the higher value indicates that the parameter has a high importance
on the model performance (building model without this parameter causes
an increase in the prediction error).

Figure 7.3: Parameters Importance from RF model
We have used a total of 21 design parameters (inputs) and the mass of
TRS (design outcome or output) to build the surrogate model by RF, and the
importance extracted from the surrogate model is plotted in Figure 7.3. The
x-axis represents the number of design parameters and the y-axis represents
the importance of each of these variables. Due to the confidentiality of design
parameters, we did not include their names in the plot. Fig. 7.3 provides an
idea on different design parameters ’contribution on model performance, and
this analysis could help to further explore the space of design parameters.
For example, we observed that parameters that are related to forward hub
wall angle and hub cone mount have high importance, and inner ring reg
and mount have low importance compared to other parameters. Further
analysis of this example would be tune parameter configurations of high or
low importance and then predict the outcomes for a better understanding of
these parameters.
Furthermore, we extracted if-then rules from surrogate models for TRS
mass. For a better understanding, we discretize the outcome of TRS mass
into three levels with intervals (low, medium and high). There are 7 rules for
low mass, 9 rules for medium and 8 rules for high mass of TRS. By looking
at these rules, we can see the reasoning for the predictions that cause the
low or high mass of TRS. For example, if we want to focus on minimising
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the mass of TRS, we use the 7 rules (1) to understand design parameters
and their configurations’ contribution in predictions, (2) to narrow down
the design regions (3) and then to generate more design concepts within
that region to analyse the design outcome. We believe that this analysis
(extracting if-then rules from surrogate models) helps to understand the
design space better. Consequently, it helps to find the design concepts that
minimise or maximise the mass of TRS.

7.6

Conclusions and Future work

In this paper, we investigated the performance of Random Forests (RF)
for surrogate modeling to support the design space exploration of Turbine
Rear Structure. In order to get accurate surrogate models, we conducted
hyperparameter tuning for RF. The use-case results show that the prediction
performance of the model is improved by hyperparameter tuning. Additionally, we observed in our use-case results, Mtry hyperparameter has an
influence on increasing the performance. Hence, our automatized hyperparameter tuning method and threshold values are recommended when using
RF to get accurate surrogate models. Furthermore, we extracted design parameters’ importance and if-then rules from RF generated surrogate models
to better understand the design parameters and design space of Turbine Rear
Structure. In future work, we will focus on investigating RF’s applicability
for other tasks such as sensitivity analysis and design optimization.
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Appendix : Mtry Hyperparameter analysis
of Chapter 7

Table 7.2: RMSE values for all datasets obtained from the experiments when Mtry is
{1,3,5,7,9,11,13,15,17,19,21} and Ntree is 130
Dataset
D1-1
D1-2
D1-3
D1-4
D1-5
D1-6
D1-7
D1-8
D1-9
D1-10
D1-11
D1-12
D1-13
D1-14
Avg.Rank
D2-15
D2-16
D2-17
Avg.Rank

1
5.2174 (11)
15.1304 (11)
0.1814 (1)
0.0403 (11)
0.1509 (1)
0.0391 (10)
0.1147 (1)
0.0915 (11)
0.0777 (1)
0.0946 (11)
8.1100 (11)
0.0297 (8)
0.0447 (10)
0.1412 (10)
7.71
0.0517 (5)
0.0794 (5)
0.8581 (3)
4.3

3
3.2234 (10)
11.1168 (10)
0.2042 (2)
0.0239 (10)
0.1720 (2)
0.0226 (9)
0.1237 (2)
0.0628 (10)
0.0826 (2)
0.0636 (10)
5.6392 (10)
0.0248 (7)
0.0422 (9)
0.1364 (9)
7.28
0.0465 (1)
0.0543 (4)
0.7792 (1)
2

5
2.1181 (9)
8.8195 (9)
0.2160 (4)
0.0169 (9)
0.1834 (4)
0.0160 (8)
0.1341 (3)
0.0450 (9)
0.0883 (4)
0.0481 (9)
4.6569 (9)
0.0238 (4)
0.0384 (8)
0.1283 (8)
6.92
0.0478 (2)
0.0529 (3)
0.8355 (2)
2.3

7
1.3797 (8)
7.6710 (8)
0.2127 (3)
0.0134 (8)
0.1831 (3)
0.0124 (7)
0.1383 (5)
0.0365 (8)
0.0923 (6)
0.0379 (8)
4.4326 (8)
0.0228 (1)
0.0364 (7)
0.1206 (7)
6.21
0.0482 (3)
0.0520 (1)
0.8664 (4)
2.6

Mtry
9
11
0.8705 (7)
0.5211 (6)
6.6264 (7)
5.7094 (6)
0.2281 (5)
0.2308 (6)
0.0104 (7)
0.0089 (6)
0.1916 (5)
0.1940 (6)
0.0092 (6)
0.0074 (5)
0.1368 (4)
0.1473 (9)
0.0283 (7)
0.0228 (6)
0.0868 (3)
0.0936 (8)
0.0293 (7)
0.0235 (6)
4.2945 (7)
4.1563 (5)
0.0228 (1)
0.0231 (2)
0.0338 (6)
0.0329 (5)
0.1152 (6)
0.1141 (5)
5.57
5.78
0.0490 (4)
0.0521 (2)
0.9159 (5)
3.6

13
0.3373 (5)
5.1213 (5)
0.2336 (8)
0.0081 (5)
0.1957 (7)
0.0068 (4)
0.1448 (8)
0.0192 (5)
0.0935 (7)
0.0198 (5)
4.1458 (4)
0.0235 (3)
0.0327 (4)
0.1133 (3)
5.21

15
0.1892 (4)
4.6339 (4)
0.2400 (9)
0.0075 (4)
0.1995 (9)
0.0064 (3)
0.1441 (6)
0.0166 (4)
0.0921 (5)
0.0170 (4)
4.0140 (1)
0.0239 (5)
0.0324 (3)
0.1140 (4)
4.64

17
0.1198 (3)
4.1476 (3)
0.2324 (7)
0.0069 (3)
0.1986 (8)
0.0059 (1)
0.1445 (7)
0.0141 (3)
0.0955 (11)
0.0146 (3)
4.0802 (2)
0.0238 (4)
0.0312 (1)
0.1132 (2)
4.14

19
0.0588 (2)
3.7743 (2)
0.2406 (10)
0.0067 (2)
0.2027 (10)
0.0060 (2)
0.1541 (11)
0.0133 (2)
0.0948 (9)
0.0135 (2)
4.2880 (6)
0.0239 (5)
0.0316 (2)
0.1140 (4)
4.92

21
0.0342 (1)
3.7374 (1)
0.2461 (11)
0.0066 (1)
0.2091 (11)
0.0060 (2)
0.1519 (10)
0.0117 (1)
0.0948 (10)
0.0120 (1)
4.1079 (3)
0.0244 (6)
0.0316 (2)
0.1131 (1)
4.35

The hypothesis is there is no significant difference between Mtry parameter values and predictive performance. From the Friedman statistical test (
Table 7.2), we got p-value which is less than a significant level 0.05. Thus,
there is a significant performance difference between different Mtry values.
Table 7.3 shows the post hoc Nemenyi test results for pair wise comparison
to see individual differences. These pair wise statistical results indicate that
there is significant difference between larger Mtry configurations and smaller
Mtry configurations.
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Table 7.3: The post hoc Nemenyi test result for pair wise comparison between
Mtry configurations for all datasets
Dataset
D1-1
D1-2
D1-3
D1-4
D1-5
D1-6
D1-7
D1-8
D1-9
D1-10
D1-11
D1-12
D1-13
D1-14
D2-15
D2-16
D2-17
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Mtry
1
3
5
7
9
11
13
15
17
19
21
3
5
7
3
5
7

1
_
0.99956
0.55641
0.42950
0.00897
0.00455
0.00081
0.00000
0.00001
0.00000
0.00001
0.64165
0.88426
0.12363
0.00000
0.00041
0.94600

3
0.99956
_
0.99847
0.90736
0.16594
0.06441
0.03097
0.00021
0.00105
0.00000
0.00062
_
0.99915
0.21788
_
0.72765
0.00190

5
0.90736
0.99915
_
0.99956
0.99564
0.38927
0.64165
0.00719
0.24755
0.00001
0.16594
0.85790
_
0.88426
0.79802
_
0.48930

7
0.42950
0.90736
1.00000
_
0.98445
0.88426
0.95779
0.06441
0.99564
0.00048
0.94397
0.00048
0.99990
_
0.72765
0.97192
_

9
0.07640
0.47104
0.95779
0.99956
_
0.99915
0.88426
0.47104
0.16594
0.01116
0.99915
0.00016
0.55641
0.72271
0.12741
0.99593
0.79800

11
0.00573
0.06441
0.47104
0.88426
0.99990
_
1.00000
0.88426
0.99996
0.14362
1.00000
0.00573
0.05403
0.68295

13
0.00021
0.00455
0.38927
0.31410
0.99915
0.99956
_
0.99978
0.98947
0.55641
1.00000
0.35071
0.03746
0.47104

15
0.00000
0.00028
0.06441
0.05403
0.99310
0.64165
1.00000
_
0.98445
0.96894
0.99996
0.92723
0.01381
0.76046

17
0.00000
0.00000
0.27966
0.00222
0.99736
0.14362
1.00000
0.99736
_
1.00000
1.00000
0.85790
0.00003
0.55641

19
0.00000
0.00000
0.10586
0.00016
0.79579
0.16594
0.88426
0.94397
1.00000
_
0.99915
0.95779
0.00016
0.76046

21
0.00000
0.00000
0.00222
0.00012
0.55641
0.16594
0.92723
0.51349
0.99999
0.99915
_
0.99990
0.00028
0.35071
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Predictive Modelling to Support Sensitivity
Analysis for Robust Design in Aerospace
Engineering
Siva Krishna Dasari, Abbas Cheddad, Petter Andersson
Abstract

The design of aircraft engines involves computationally expensive
engineering simulations. One way to solve this problem is the use of response surface models to approximate the high-fidelity time-consuming
simulations while reducing computational time. For a robust design,
aiming to reduce the variation in system performance, sensitivity analysis based on response surface models allows for the efficient study of how
uncertainties in input variables affect system performance. The aim of
this study is to support sensitivity analysis through response surface
models for a robust design in aerospace engineering. For this, response
surface model-based sensitivity analysis is presented and applied in
a aerospace case study to study thermal variations on Turbine Rear
Structure (a sub component of aircraft). Random forests (RF) and
multivariate adaptive regression splines (MARS) are explored to build
response surface models. Quantitative experiments are conducted to
evaluate the predictive performance of these methods with Turbine
Rear Structure case study datasets for response modelling. To test
these models’ applicability to perform sensitivity analysis, mathematical test problems (linear and non-linear functions) are used and their
results are presented. From the experimental investigations, it appears
that on average, RF performs well for non-linear problems and the
fitting is smoother compared to MARS, whereas, MARS performs well
on linear problems.

Keywords: machine learning, random forests, surrogate models, metamodels, aerospace engineering, robust design, sensitivity analysis.
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8.1

Introduction

The performance of a product may vary to a great extent depending on
variations in design parameters, work environment, etc. Given these uncertainties, designers are highly interested in evaluating how to design a
product while minimizing variations in its performance—this is referred to
as robust design. For instance, to estimate how long time that product lasts
under different environmental conditions. One of the tools for robust design
is sensitivity analysis which is the study the independent variables’ influence
on a dependent variable in the design space [1]. This kind of analysis helps
design engineers to enhance their knowledge about design variables and
their interactions, and about the unknown underlying function that maps
these design variables to an output variable. However, it is not feasible to
study all possible variations in design variables because this analysis would
involve enormous computational cost for running engineering simulations.
Furthermore, the time is limited for design engineers to make decisions about
design variables and design concepts. One way to solve this problem is to
use response surface models—they are also known as surrogate models and
metamodels—for sensitivity analysis [2] [3] [1] [4] [5]. The sensitivity analysis
based response surface models allow for efficient studies of how uncertainties
in input variables affect system performance.
The construction of response surface models—to mimic the complex
behaviour of underlying simulation models—requires a dataset of inputs and
known outputs. These known outputs are produced from simulations. Since
simulations are expensive to conduct, the datasets are small in real-world
context. Many popular techniques such as polynomial regression methods,
multivariate adaptive regression splines, radial basis functions, Kriging,
and quadratic methods have been studied to address these challenges in
response surface modeling, and their advantages and disadvantages have
been highlighted [2] [6] [4] [7] [8]. However, as complexity of design problems
increases, the challenges such as, curse-of-dimensionality and dealing with
highly non-linear design spaces, remain the same .
In this study, we use response surface models to support sensitivity
analysis for robust design of Turbine Rear Structure (TRS). In contrast to
some previous studies [4] [5], we perform sensitivity analysis not only to
analyse how sensitive the output variable is to variations of input variables,
but also to analyse the sensitivity spans of the output variable (more de70
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tails are provided in Section 8.4.3). For this, we explore two techniques
for construction of response surface models. One of the methods is the
Multivariate Adaptive Regression Splines (MARS) which is widely used
in response surface modelling. The second method is the Random Forests
(RF): it is a decision tree method and is rarely used in response surface
modelling [9] [10] [11] despite being able to handle small sample sizes, high
data dimensions [12], and non linearities between variables [13]. Hence, we
opted for this method to explore and determine its performance on TRS
data and test linear and non-linear mathematical functions.
We present background in Section 8.2, related work in Section 8.3, and
our approach to perform sensitivity analysis for robust design in Section 8.4.
Section 8.5 states our experimental design. We present results and analysis
in Section 8.6, discussions in Section 8.7, and conclusions in Section 8.8.

8.2

Background

In this section, we present response surface modelling briefly.
In response surface modelling, the aim is to determine a continuous
function fˆ (model) of a set of design variables x = x1 , x2 , ..., xn from a
limited amount of available data D. The available data D represents the
exact evaluations of the function f , and in general cannot carry sufficient
information to uniquely identify f . Thus, response surface modelling deals
with two problems which are constructing a model fˆ from the available data
D, and evaluating the error ε of the model [14].
The prediction of the simulation based model output using response
surface modelling approach is formulated as follows:
f (x) = fˆ(x) + ε(x)

(8.1)

Where fˆ(x) is the predicted output and ε(x) is the error in the prediction.
The construction of the response surface model involves several steps (shown
in Figure 8.1) [15]:
(1) Design of experiments: A set of design variables (x = (x1 , x2 , ..., xd )T )
and their values are selected.
(2) Numerical simulations: Let f be the black-box function (simulations)
and evaluate f on design points yi = f (xi ) where xi ∈ Rd and yi ∈ R.
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(3) Construction of response surface model: Consider the data D =
{(x1 , y1 ), . . . , (xn , yn )}, given the data, a continuous function fˆ is determined
to evaluate new design point ŷ = f (x̂i ).
(4) Model validation: Assessing the predictive performance of fˆ from
the available data D.
In the machine learning terminology, response surface models can be
referred to as supervised regression models or prediction models [16]. In
engineering design, these prediction models can be used in different phases,
for instance; sensitivity analysis and design optimization. This study focuses
on response surface models for sensitivity analysis.
Sensitivity analysis allows the study of the behaviour of different design
variables (inputs) influence on design objectives (output). Also, it can be
used to identify least important design variables, variable prioritization,
and parameter interactions [15]. Several techniques, for instance, response
surface models, Fourier amplitude sensitivity test, variance-based sensitivity
analysis, and Sobol technique have been used for sensitivity analysis [1]. In
our study, we use response surface models to perform sensitivity analysis.

8.3

Related Work

Several techniques have been used to construct response surface models
for sensitivity analysis. Satyanarayana Murthy et al. constructed response
surface models by support vector machine, radial basis function and Kriging
for sensitivity analysis to determine the influence of input variables on the
outcome variable using two test problems [4]. The experimental results of
this study indicate that Kriging is a suitable method for response surface
modelling in the context of probabilistic engineering design— probabilistic
engineering design deals with uncertainties in engineering analysis and
design. Although Kriging has been shown as an accurate method, it is
difficult to obtain and use because of its global optimization process that is
used to identify the maximum likelihood estimators [8]. Furthermore, the
investigations were limited to two-dimensional problems.
In another study, Alexandros et al., constructed response surface model
with moving least squares method to perform sensitivity analysis to determine
the influence of input variables on the outcome variable for the robust design
of offshore energy conversion devices [5]. Recently, Ceylan et al. constructed
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response surface models by multivariate linear regressions and artificial
neural networks (ANN) to perform sensitivity analysis for robust design of
concrete pavement design, and the authors concluded that ANN is a robust
and accurate method to capture the non-linearities between variables [2].
Although ANN can capture the non-linear relationship, the difficulty in using
ANN is its hyperparameter setting. In contrast to these studies, [2] [4] [5],
we perform sensitivity analysis not only to analyse how sensitive the output
variable is to variations of input variables, but also to analyse the sensitivity
spans of the output variable (more details are provided in Section 8.4.3). For
the response surface models construction, we consider using RF and MARS.
Since both RF and MARS can handle non-linearities and high-dimensionality
of data [12] [17], we selected these methods to investigate their applicability
to sensitivity analysis. Furthermore, we believe the hyperparameter tuning
for these methods is easier than for Kriging and ANN.

1. Problem definition
and setup

2. Response surface
modeling

Design of experiments

Numerical simulations at
selected locations
Construction of response
model

3. Sensitivity analysis

Methods
parameter
tuning

1. RF
2. MARS

Model validation

4. Sensitivity span
Optimization

CMAES

5. Decision support

Figure 8.1: An approach to perform sensitivity analysis using response
surface modelling: in step 2, MARS and RF are used to construct response
surface models
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8.4

An approach to perform sensitivity analysis using
response surface modelling

In this section, we demonstrate our approach as shown in Figure 8.1 to
support sensitivity analysis for robust design of Turbine Rear Structure
(TRS) through response surface modeling. First, we introduce our domain
case study followed by mathematical test functions. Second, we describe
briefly how response surface models are constructed for these functions with
random forests (RF) and multivariate adaptive regression spline (MARS).
Last, we present how we perform sensitivity analysis based on response
surface models for our case study.

8.4.1
8.4.1.1

Problem Definition and Setup
A Case Study - Studying Thermal Variations on TRS:

We present our case study details where the goal is to support sensitivity
analysis for TRS through response surface models (RSM).
TRS is located at the rear part of the aircraft engine that provides a
support structure for low pressure shaft and redirects exhaust flow from
low pressure turbine to the exit nozzle [18]. This is a challenging multidisciplinary problem that involves complex manufacturing solutions with high
temperatures. Therefore, each aspect of this component needs to be studied
to fulfill the design requirements and constraints.
We have 118 alternative design concepts that were used to investigate
the design space of the TRS of an aircraft engine. Each design concept
represents 27 design variables which includes five design variables of vane,
three design variables of turbine hub, 15 different groups of thicknesses, and
four thermal variations T1 , T2 , T3 and T4 . Simulations were conducted to
understand functional behaviour and to predict possible failure modes in
design concepts. The task in the TRS design is to understand how sensitive
a design objective (for instance, welding life, stiffness and weight of the
turbine vane) is to variations of four thermal variations T1 , T2 , T3 and T4 .
These four thermal variations are from the four zones which are Nacelle,
Gas path, Low Pressure Turbine disc cavity and Inner hub and plug as
shown in Figure 8.2. The right side of the Figure 8.2 shows the TRS with
variations in thermal zones. We want to investigate what is the lowest and
the highest predicted values of design objectives when we vary the four
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Figure 8.2: Thermal variations in four thermal zones (left side), and their
studied influence on TRS (right side)

thermal variations. For this purpose, we use optimization using covariance
matrix adaptation evolution strategy method (CMA-ES). The highest and
the lowest values of T1 , T2 , T3 and T4 will be used as the upper and the
lower boundary for optimization. The gap between the highest and the
lowest predicted value of a design objective is a number that illustrates how
sensitive a particular design concept is to variation of the temperatures T1 ,
T2 , T3 and T4 . For instance, let us denote the minimum life of welding as
M inlife and the maximum life of welding as M axlife , then the sensitivity
span is the difference between M axlife and M inlife under T1 , T2 , T3 and T4
for welding life. The span values of welding life help to analyse the life of
welding under different thermal variations for each design concept in order
to analyse their impact on strength, aero performance and cost. Here, the
challenge is to assess different design concepts and its impact on assessment
criteria such as mechanical and aerodynamics performance to be balanced
with producibility aspects.
The objective is to minimise and maximise design objectives of the
turbine vane under thermal variations using sensitivity analysis using RSM’s
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for decision making to help design engineers for their assessment criteria.
For this, we conduct two experiments. In Experiment 1, we use our case
study datasets to construct response surface models with RF and MARS
(more details about datasets are provided in Section 8.5.1). The next step is
to perform sensitivity analysis to study thermal variations. However, we do
not have ground truth from our case study to evaluate results from RF and
MARS for sensitivity analysis to determine which estimation of sensitivity
span is the closest to the ground truth.
Our assumption is that, if a model has a better accuracy for response
surface modelling, it will also have a better performance for SA. To support
our assumption, we conduct Experiment 2 with mathematical test problems.
For this, we use 8 non-linear mathematical functions (named as NL1, NL2,
NL3. . . NL8), which are used to study the behaviour of different response
surface modelling methods [19] [20] [21] [22]. Furthermore, we observed that
, in our domain case, we have both linear and non-linear response types.
Hence, we selected two linear mathematical functions (L9 and L10) from [19].
In the following subsection, we present these 10 mathematical problems.
8.4.1.2

Mathematical Test functions:

The eight non-linear mathematical functions (named as NL1, NL2, NL3. . .
NL8), and the two linear mathematical functions (L9 and L10) are as follows.

N L1 : f (x) = (x1 − 10)2 + 5(x2 − 12)2 + x43 + 3(x4 − 11)2 + 10x65 + 7x26 +
x47 − 4x6 x7 − 10x6 − 8x7

[0, 1]D

N L2 : f (x) = x21 + x22 + (x1 x2 ) − 14x1 − 16x2 + (x3 − 10)2 + 4(x4 − 5)2 +
(x5 − 3)2 + 2(x6 − 1)2 + 5x27 + 7(x8 − 11)2 + 2(x9 − 10)2
+ (x10 − 7)2 + 45
N L3 : f (x) = sin(πx/12)cos(πy/16)
N L4 : f (x) = sin(x + y) + (x − y)2 − 1.5x + 2.5y + 1
N L5 : f (x) = 0.5x21 + x22 − x1 x2 − 7x1 − 7x2
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[0, 1]D
[−10, 10; −20, 20]
[−1.5, 4; −3, 3]
[−1, 1]D
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N L6 : f (x) = [30 + (x1 sin(x1 ))][4 + exp(−x22 )]
N L7 : f (x) = (6x1 − 2)2 sin[2(6x1 − 2)]

N L8 : f (x) =

sin(10πx1 )
+ (x1 − 1)4
2x1

[−2, 2]D
[0, 1]D

[0.5, 2.5]D

L9 : f (x) = 4.3x1 + 31.8x2 + 63.3x3 + 15.8x4 + 68.5x5 + 4.7x6

[0, 1]D

L10 : f (x) = 24.55x1 + 26.75x2 + 39x3 + 40.50x4

[0, 1]D

8.4.2

Response Surface Modeling using RF and MARS

We used RF and MARS to construct response surface models. The details
of these methods can be found in [23] [17] [24]. Root mean squared error
(RMSE) is used to measure the predictive performance of RF and MARS.
Previous studies show that hyperparameter tuning for methods could improve
their performance [25] [26] [27]. Thus, we conducted hyperparameter tuning
for both RF and MARS using the following procedure.
1. Set configuration values for the selected hyperparameters (for instance,
K is a parameter for RF). More details are explained in Section 8.5.
2. Generate possible configurations by varying the hyperparameters’ values from step 1.
3. Construct models for the problem of interest using the selected methods
(RF and MARS).
4. Repeat step 3 for each possible hyperparameter configuration value.
5. Evaluate the model performance for each hyperparameter configuration
value.
6. Select the model with the least RMSE.
7. Repeat steps 1-6 for every function.
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Figure 8.3: Sensitivity Analysis: varying four thermal variations for welding
life, and analyzing its results with aero pressure loss for four thicknesses of
vane and nominal welding life (without thermal variations) with respect to
lean of the vane. Each dot represents a simulated design point based on
response surface model. On the right hand side, the lean and thickness of
vane are shown. The axes are normalized due to the confidentiality of data.

8.4.3

Sensitivity Analysis based on Response Surface Models

In this section, we present the task of sensitivity analysis for one design
objective, weld life, and the same procedure is used for every design objective.
Consider the available data D as a set of design concepts D = {c1 , c2 ..., cn }.
Each design concept (an instance in machine learning terminology) represents
a set of design variables (x = (x1 , x2 , ..., xd )T ) and a design objective (y)
where x ∈ Rd and y ∈ R. Given these design variables and design objective,
a continuous function fˆ is determined using RF and MARS to predict the
outcome ŷ for new design concepts where ŷ ∈ R. Later, this function fˆ is
used for sensitivity analysis.
In Figure 8.3, the x-axis represents the design variable lean of the vane
and the y-axis represents the design objective weld life. As shown in Figure
8.3, the task is to understand how should lean of the vane be set to minimize
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influence on output weld life due to variation in T1 , T2 , T3 and T4 (uncertain
variables in different thermal zones as shown in Figure 8.2) while attaining
the required system performance. For each value of lean of the vane (let us
call it x1 ), we vary the value of uncertain variables T1 , T2 , T3 and T4 (let us
call them x2 , x3 , x4 and x5 ), while keeping the remaining xn , n ∈ {6, ..., d}
fixed, to study the design objective weld life (let us call it ŷ). The function
fˆ is used to predict the outcome ŷ for x. Instead of only predicting the
outcome ŷ, we predict ŷ min and ŷ max given variation in x. These predictions
are shown in Figure 8.3 in which every dot represents a prediction (simulated
design) based on fˆ (surrogate model determined by RF and MARS). We
call the difference between ŷ min and ŷ max the sensitivity span as follows and
as shown in Figure 8.3 (the vertical double arrow line).

f Wlife-span (T1 , T2 , T3 , T4 ) = ŷ max − ŷ min

(8.2)

Together with tuned welding results, aero pressure loss for different
thickness of the vane and nominal weld without tuning thermal variations
also added to Figure 8.3. This type of analysis help design engineers for
life assessment of the product and its impact on performance. For instance,
one observation from this analysis is that the span is decreasing when the
angle of lean is increasing. In this case, the objective is to maximize the
sensitivity span of design concepts that satisfies the design constraints and
requirements. What we seek is not only selecting the design concept that
has the highest span but also balancing with aero pressure loss for different
thickness groups, and other design requirements. The idea is to get a better
understanding of design parameters and their effects on system performance,
and to make informed decisions about them. Furthermore, it could help: (1)
to identify interesting regions in design space which can be further explored
(2) to identify which design variables cause higher or lower sensitivity span.
Optimization is performed in order to tune as many variations of the
uncertain variables as needed to search for the minimum and maximum
predictions for a selected output. For this purpose, we use the covariance
matrix adaptation evolution strategy (CMAES) as an optimization method—
which is a powerful evolutionary algorithm for global optimization [28].
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8.5

Experimental Design

The aim of the experiments is to determine which method (RF or MARS)
performs better to support sensitivity analysis in engineering design. For
this, we conducted two experiments. In Experiment 1, we evaluate the
performance of RF and MARS for response modeling using our case study
datasets. In Experiment 2, we test out assumption that "if the model
has better accuracy for a response surface modeling, it will also have a
better performance for SA". For this, we evaluate the results from sensitivity
analysis to determine which estimation of sensitivity span is the closest to the
ground truth using 10 mathematical functions (Explained in Section 8.4.1.2).
This section describes our experimental design which includes datasets
description, parameter and configuration selection, evaluation procedure and
performance measures.

8.5.1

Dataset Descriptions

Datasets for Experiment 1- D1 is a dataset with 118 alternative design concepts that were used to investigate the design space of the TRS. Each design
concept contains 27 design variables which includes five design variables of
vane, three design variables of turbine hub, 15 variables relating to thickness,
and four thermal variations T1 , T2 , T3 and T4 . We have 12 output variables
for this dataset D1. D2 is the second dataset with 49 alternative design
concepts which have 23 inputs (related to TRS) and 7 outputs. The design
objectives (outputs) of D1 and D2 are related to aero performance (Swirl:
a measurement for how much the air rotates when it exits the engine and
Pressure Loss: a measurement for aero performance), mechanical functions
(Buckling: Fan Blade Out load case and Over Turning Moment) and welding
life of turbine vane design. We have two independent models using RF
and MARS for each output variable. Thus, we have a total of 19 single
output datasets for experiments. We named them as D1-1, D1-2 ... D2-19.
The details (type, dataset, description, response type) of these datasets are
shown in Table 8.1. Our domain expert provided the response type for some
of the datasets.
Datasets for Experiment 2- Different sample sizes are reported for the
selected six test problems in [20] and [21]. However, we choose 410 sample
set to train models since that is the highest dataset size we have in our
application. To evaluate the performance of these models, we selected 1000
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samples as similar to Jin at el [20] . We used these constructed response
surface models to perform sensitivity analysis using 100 samples.

8.5.2

Hyperparameter Configurations

For RF, we selected F (the number of random features) and K (the number
of trees) hyperparameters to tune. The motivation is: a previous study
states that increasing the size of the tree (K) can decrease the forest error
rate, and decreasing the number of random features (F ) can reduce the
strength of a tree (increases the error rate) [29] [30]. Also, a threshold range
is provided for K which is 1 to 128 to increase accuracy for classification
tasks [29]. We also selected similar range of K configuration values between
10 and 130 with a step size of 10. We select F configuration values from the
minimum to the maximum number of features from datasets with a step
size of 1. According to the R documentation for RF 1 that we use, F is mtry
and K is ntree. For MARS, we selected degree d for parameter interactions.
The default value for this parameter is 1. The suitable value for d is in the
range 2 ≤ d ≤ 4 [17]. Thus, we selected the d values from 1 to 4 with a step
size of 1.

8.5.3

Evaluation Procedure

We used cross-validation to maximize training set size and to avoid testing
on training data. The procedure of cross-validation is as follows [31]: a
dataset is divided into k sub-samples. A single sub-sample is chosen as
testing data and the remaining k - 1 subsamples are used as training data.
The procedure is repeated k times, in which each of the k sub-samples is
used exactly once as testing data. Finally, all the results are averaged and
a single estimation is provided [31]. In our experiments, we choose k =
10 for all the datasets. We used R software packages 2 , 3 to conduct the
experiments.

8.5.4

Performance Measures

1

RF: https://cran.r-project.org/web/packages/randomForest/randomForest.pdf
Optimization: https://cran.r-project.org/web/packages/cmaes/cmaes.pdf
3
MARS: https://cran.r-project.org/web/packages/earth/earth.pdf
2
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Predictive Accuracy: we used RMSE to measure the predictive performance
of RF and MARS.
Sensitivity Analysis: we used RMSE to measure the performance of RF
and MARS for sensitivity analysis. The RMSE is calculated using the
estimated sensitivity span—which is calculated from the optimal minimum
and maximum predictions from the optimization using RF and MARS—and
the ground truth sensitivity span. The ground truth sensitivity is also a
span from the optimal minimum and maximum values from the optimization
using mathematical equations (shown in Section 8.4.1.2).
The system we used is a 64-bit Windows 7 Operating System with 2.7
GHz Intel Core i7-4600U CPU and 8 GB RAM.

8.5.5

Experiment Setup

We used the following procedure to perform sensitivity analysis in Experiment
2. For Experiment 1, the first and second steps are used to construct response
models using our domain datasets.
1. Construct response surface models with RF and MARS using hyperparameters tuning for each function (shown in Section 8.4.1.2).
2. Evaluate the predictive performance of response surface model (RF
and MARS) using RMSE.
3. Use the constructed response surface model as an input function for
the optimization.
4. Run the optimization for a concept (an instance) by varying the selected
uncertain variables and fixing the rest of variables in the dataset.
5. Use the highest and the lowest values of the uncertain variables that
exist in the data set as the upper and the lower boundaries for the
optimization study (explained in Section 8.4.3).
6. Get minimum and maximum prediction for an output, and calculate
the difference as a sensitivity span. We set the maximum number of
function evaluations as 1,000 in the optimization.
7. Repeat steps 3 to 6 for every concept in the dataset.
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Table 8.1: RSM Performance comparison on 19 datasets: Normalised RMSE
(rank)
Type

Aero Performance

Mechanical

Life

8.6
8.6.1

Dataset
D1-1
D1-2
D1-3
D1-4
D1-5
D1-6
D2-7
D2-8
D1-9
D2-10
D2-11
D1-12
D1-13
D1-14
D1-15
D1-16
D2-17
D2-18
D2-19

Description
Swirl
Preassure Loss

Buckling - Fan Blade Out Load Case

Over Turning Moment

Welding Life

ResponseType

RF

Linear
Linear
Linear
Non-linear
Non-linear
Non-linear
Non-linear
Non-linear
Non-linear
Linear
Linear
Non-linear
Non-linear
Non-linear
Non-linear
Non-linear
Non-linear
Non-linear
Non-linear
Avg.rank (L)
Avg.rank (NL)

0.9367
1.1387
0.9540
0.9317
0.8867
0.9972
0.9065
0.9222
1.1425
1.0535
1.0516
1.0809
0.9849
0.9366
1.0165
0.9758
0.7125
0.9441
0.9746

(1)
(2)
(1)
(2)
(1)
(2)
(1)
(1)
(2)
(2)
(2)
(2)
(1)
(1)
(1)
(1)
(1)
(1)
(1)
1.6
1.28

MARS
1.1571
0.6814
1.1086
0.5814
1.0163
0.9539
0.9207
1.0241
0.5971
0.8012
0.7116
0.8942
1.0933
1.1025
1.0315
1.0671
0.8935
1.0835
0.9923

(2)
(1)
(2)
(1)
(2)
(1)
(2)
(2)
(1)
(1)
(1)
(1)
(2)
(2)
(2)
(2)
(2)
(2)
(2)
1.4
1.71

Results and Analysis
Experiment 1

In this section, we present the case study results of RSM obtained from the
experiment using RF and MARS. Table 8.1 shows the normalised RMSE
of the two methods. We ranked the performance of each method by 1 or 2
depend on the RMSE results (rank 1 for low RMSE and 2 for high). The
last two rows of Table 8.1 show the average rank of each method for linear
and nonlinear response types. The results show that RF yields the lowest
error for 12 datasets, and MARS yields the lowest error for 7 datasets. The
average rank of the linear response datasets shows that MARS (1.4) performs
better than RF (1.6). The average rank of non-linear response datasets
shows that RF (1.28) performs better than MARS (1.71).

8.6.2

Experiment 2

Since sensitivity analysis is performed using response surface models, we first
evaluated the performance of response surface models. Later, we evaluated
the results from sensitivity analysis to determine which estimation (either
RF or MARS) of sensitivity span gets closest to the ground truth.
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Table 8.2: RSM Performance comparison for 10 test problems
P.no

RF

MARS

1.8022 (2)

0.1978 (1)

NL2

1.5674 (2)

0.4326 (1)

NL3

0.1643 (1)

1.8357 (2)

NL4

0.1849 (1)

1.8151 (2)

NL5

0.8622 (1)

1.1378 (2)

NL6

0.4477 (1)

1.5523 (2)

NL7

0.1830 (1)

1.8170 (2)

NL8

0.1260 (1)

1.8740 (2)

L9

1.4754 (2)

0.5246 (1)

L10

2.0000 (2)

4.03E-14 (1)

1.28

1.75

2

1

NL1

Avg.rank(NL)
Avg.rank(L)

Predictive accuracy of response surface models Table 8.2 shows the
normalized RMSE. For normalization, we use the clusterSim R package
(type n9) 4 . As shown in Table 8.2, for the six non-linear functions (NL2,
NL3. . . NL8), RF has a higher predictive accuracy compared to MARS. For
linear problems L9 and L10, and also nonlinear problems NL1 and NL2,
MARS has higher predictive accuracy compared to RF.
Sensitivity Analysis Table 8.3 shows the results from sensitivity analysis
(normalized RMSE). The RMSE is calculated from the sensitivity span by
RF and MARS, and the ground-truth sensitivity span. We started analysing
results with a hypothesis that the response surface model with a higher
predictive accuracy (from Table 8.2) will lead to a lower RMSE which is
calculated from sensitivity span results. As it is shown in Table 8.3, RF
has lower RMSE for non-linear problems NL3, NL4, NL6, NL7 and NL8.
Whereas MARS has lower RMSE for NL1, NL2 and NL5. Regarding the
linear problems L9 and L10, the results show that MARS yields a lower
RMSE, and it also has a higher prediction accuracy (Table 8.2). Thus,
the result from sensitivity analysis supports our hypothesis that the model
with higher prediction accuracy (Table 8.2) will lead to lower RMSE of
sensitivity span (Table 8.3) except the case of NL5. We believe that it is
due to low-order of non-linearity in NL5.
4
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Table 8.3: Sensitivity Analysis– RMSE calculated from the sensitivity span
by RF and MARS, and the ground-truth sensitivity span derived from
mathematical test functions
P.no

MARS

1.8542 (2)

0.1458 (1)

NL2

1.4758 (2)

0.5242 (1)

NL3

0.1255 (1)

1.8745 (2)

NL4

0.4893 (1)

1.5107 (2)

NL5

1.9803 (2)

0.0197 (1)

NL6

0.3052 (1)

1.6948 (2)

NL7

0.1143 (1)

1.8857 (2)

NL8

0.1759 (1)

1.8241 (2)

L9

2.0000 (2)

8.10E-11 (1)

L10

2.0000 (2)

3.20E-10 (1)

1.37

1.62

2

1

Avg.rank(NL)
Avg.rank(L)

8.6.3

RF

NL1

Analysis

Figure 8.4 shows plots for RF, MARS and analytical models for NL 3, NL4,
NL7 and NL8, and we can observe that RF has captured the actual function
better than MARS. We observed that all these four test problems have
periodic functions (cosine or sine) as shown in Section 8.4.1.2. One of these
four problems, NL3, was studied in Jin et al. study [20], and the authors
showed grid plots for radial basis function, Kriging, MARS, polynomial
regression (PR) and analytical function. If we compare our plots with their
study plots, we can observe that RF has captured the function behavior
similar to Kriging and radial basis function methods, and better than PR
and MARS. Also from Figure 8.4, we observed that the optimal minimum
and maximum that RF has produced is the closest to the analytical functions.
Consequently, RF also yielded the span closest to the span of analytical
functions.
On the other hand, MARS captures the 2D function behavior for NL7
and NL8 as rigid segments, however, not as smooth as RF. The reason is that
MARS has hinge functions with knots to fit non-linear models. These hinge
functions are formed from piece-wise linear functions. This is the reason, the
curve looks linear from one hinge function to another and together they form
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Figure 8.4: Predictions are plotted in 3D and 2D for NL3, NL4, NL7 and
NL8 in rows, respectively. First column: RF, middle column: Analytical
function (ground truth) and last column: MARS
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a non-linear function. For linear problems L9 and L10, MARS has shown
the best performance. This is expected since MARS is an extension of linear
models and in the way it fits the data. Furthermore, we also observed from
MARS model (equation) that MARS has similar behaviour as the actual
function (L9 and L10). Furthermore, MARS also yields the best performance
for NL1, and we observed the equation from MARS model that it captured
the behavior of NL1 well. NL1 is polynomial function with degree 6, hence,
we selected another problem, NL2, with a quadratic polynomial degree to
analyze if MARS retains its performance. The results of NL2 show MARS
performed best for NL2. It seems, MARS is better at fitting polynomial
functions, however, we only studied two polynomial functions.

8.7

Discussions

In this section, we present our discussions around the results of RF and
MARS. One must consider that our observations about these methods are
based on the 10 test functions and our case study datasets that we studied.
Since we studied linear and non-linear response types, the evaluation results
of this study could help to choose either RF or MARS for those type of
problems.
Experiment 1 focussed on response modelling using RF and MARS with
TRS datasets. The results indicate that RF performed well on non-linear
response type of problems and MARS performed well on linear response
type on average. Experiment 2 focussed also on response modelling using RF
and MARS but with 10 test mathematical functions (both linear and nonlinear). From the results of Experiment 2, we have similar observations as in
Experiment 1, that is RF performs well on non-linear problems and MARS
has a better performance on linear problems. Hence, Experiment 2 supports
Experiment 1’s results of response modeling. Therefore, these observations
about RF and MARS can be generalized to some extent. Furthermore,
Experiment 2 also focussed on sensitivity analysis and the objective of this
is to support our hypothesis that the model with higher predictive accuracy
will result in lower RMSE for sensitivity analysis. It shows that the results
of sensitivity analysis support this hypothesis.
Regarding MARS: Since we know the response types (four mathematical
functions) beforehand and that MARS is an extension of linear models, we
expected that MARS performs well for the linear responses. As we expected,
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the results indicate that MARS has a higher prediction accuracy for the
linear responses on average. Although MARS also models the non-linearities
between variables, the result indicates that it could not outperformed RF.
However, it does perform well for NL2 and it has low non-linearity where
the polynomial degree is 2 and also 4 for NL1.
Regarding RF: As stated in the literature that RF is capable of handling
non-linearities, it does show better performance compared to MARS. Especially in fitting smooth functions as shown in Figure 8.4, RF shows the
best fit. Furthermore, we compared our plots for NL3 to Jin et al. study,
it seems RF fits the function similar to Kriging and radial basis function.
Thus, RF can be suggested as an alternative method to construct response
surface models in engineering design.
Hyperparameter tuning: As previous studies show that hyperparameter
tuning could improve predictive accuracy, we performed such experiments.
We observed that the performance of RF and MARS is improved by tuning
their hyperparameters. Furthermore, we observed that the optimal hyperparameter configurations are different for each problem that we studied. Hence
we can recommend our hyperparameter configuration settings to tune for
both RF and MARS (shown in Section 8.5.2). For a large dataset or a large
number of trees, RF can take quite a bit of memory (more execution time)
[24].
Other advantages of both methods: Both methods can give variable
importance which explains the predictor variable influence on a dependent
variable. This variable importance could be used for screening. Screening
identifies relevant input variables and removes less important variables in the
problems of interest. It reduces the dimensionality of the problems which
contributes to saving computational cost [32]. Furthermore, RF provides not
only variable importance, but also provides human understandable decision
rules using the InTrees framework [33]. The InTrees framework extracts
information from the trees in the form of rules, and prunes redundant
rules and leaves the non-redundant rules in the forest. Those rules may
provide some information to engineers regarding the prediction procedure or
relationship between input and output variables. Both the screening and
the rule extraction are out of scope of this study.
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We explored the use of response surface models to support sensitivity analysis
for robust design of Turbine Rear Structure (TRS). For this, we investigated the applicability of Random Forests (RF) and Multivariate Adaptive
Regression Splines (MARS) for TRS case study and for 10 test mathematical functions (both linear and non-linear). We presented our approach to
support sensitivity analysis, and we conducted experiments to determine
which method estimation (either RF or MARS) of sensitivity span is the
closest to the the ground truth. We used two evaluation metrics root mean
squared error (RMSE) to evaluate the performance of RF and MARS. The
experimental results show that MARS yields a lower RMSE for the linear
functions, and RF yields a lower RMSE for the non-linear functions on
average. Furthermore, parameter tuning is recommended for both RF and
MARS to improve the predictive accuracy. In future work, we will focus
on screening to identify irrelevant design variables in order to reduce the
dimensionality of the design space.
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Integration of Value and Sustainability
Assessment in Design Space Exploration by
Machine Learning: An Aerospace
application
Alessandro Bertoni, Hallstedt Sophie I., Siva Krishna Dasari,
Petter Andersson
Abstract
The paper presents an approach to integrate value and sustainability assessment during the design space exploration in aerospace product
development. The approach complements the results of computer-aidedengineering simulations with the results of value driven design and
sustainable product development models. Machine learning is introduced as technology enabler capable of dealing with the heterogeneity
of data and to create surrogate models for faster design space exploration. The approach has been developed in collaboration with a major
aerospace sub-system manufacturer and implemented in the case of
the development of an aircraft engine component.
KeywordsDecision making, value driven design, sustainable product development, design space exploration, machine learning, surrogate
models.

9.1

Introduction

During the last decades both academia and industry have developed practices, methods, and tools for decision support centered on technical and
engineering quantifiable aspects, such as product performance, robustness,
and producibility. The use of model-based decision support systems is
common in engineering design environments, especially in those embedding
a high level of complexity, such as the aerospace, automobile and naval
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industry (Wierzbicki et al., 2000). The exploration of the design space is
often enabled by methods and tools based on well-established statistical and
mathematical analysis, whose validity is independent of the context of the
application (Dépincé et al, 2007; Tedford and Martins, 2010). The application of multiple simulation techniques allows engineers to systematically
narrow down the design space by eliminating undesirable solutions (Malak
et al., 2009). Such an approach is commonly described in literature with
the term set-based concurrent engineering (Sobek et al., 1999).
Recently, researchers in the area of Value Driven Design (VDD) and
Sustainable Product Development (SPD) have recognized the need to include
models for value and sustainability assessment in early design concept
evaluation, in order to expand the design space exploration to more than
product feasibility and technical performances (Ross et al, 2004; Steiner and
Harmon, 2009; Bertoni et al., 2015a; Bertoni et al., 2016; Hallstedt, 2017).
The terms “Value” is nowadays increasingly used to refer to a large
and heterogeneous set of needs from multiple stakeholders (Bertoni et al.,
2013, Matschewsky et al., 2018). VDD has become an umbrella term that
collects several methodologies to indicate an “improved design process that
uses requirements flexibility, formal optimization, and a mathematical value
model to balance performance, cost, schedule, and other measures important
to the stakeholders to produce the best possible outcome” (AIAA, 2015).
The spirit of VDD is to open the solution space for consideration by designers,
systems engineers, program managers, and customers, by promoting quick
what-if analyses that use a value function as metric to judge the “goodness
of a design” (Collopy and Hollingsworth, 2011).
Integrating the breadth of sustainability into product development is labeled sustainable product development (SPD) or sustainable design (Gagnon
et al., 2012). The concept of SPD refers to a strategic sustainability perspective that is integrated and implemented into the early phases of the product
innovation process, including life-cycle thinking (Hallstedt and Isaksson,
2017). The term sustainability refers to the definition of socio-ecological
sustainability using overarching sustainability principles at the basis of a
backcasting perspective., These principles are the key parts in the Framework
for Strategic Sustainable Development presented in Broman and Robèrt
(2017). Sustainability implementation refers to the practical usage and
application of tools, methods, processes, approaches, practices, etc., that
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aim to improve an organization’s contribution to sustainable development
and provide opportunities for enhancing the product competitiveness (Chiu
and Chu, 2012; Choi et al., 2008).
In early design space exploration, it is a challenge to model the link
between the mechanical performance of multiple design variants, the value
generated for the stakeholders, and the derived sustainability implications.
Commonly, engineers strive to work with requirements that are clear, concise,
and unambiguous to translate the original design intent (Monceaux and
Kossmann, 2012; Isaksson et al., 2013). However, it is difficult to explicitly
formalize value and sustainability into transparent and quantifiable terms.
Poor availability and high uncertainty of data are commonly recognized as
critical issues when using VDD and SPD models. Value and sustainability
implications are often tacitly and subjectively perceived by engineers, and
rarely populate any kind of computational model (Soban et al., 2011; Isaksson
et al., 2015; Bertoni et al., 2018).
Concurrently, the evolution of data science and information communication technologies has opened to the possibility of collecting, analyzing and
using data in different decision-making contexts. Data science is applied
in a variety of contexts, including remote monitoring of machines, failures
prediction, planning of preventive maintenance, driving assistance and fleet
management, etc. (see e.g., Murthy et al., 2002; Painter et al., 2009; Tango
and Botta, 2013). In these fields, the application of machine learning (ML)
(Mitchell, 1997) and data mining (Fayyad et al. 1996) allows engineers and
analysts to create, manage, correlate, and forecast a large amount of data
with a relatively low effort in respect to time and resources (e.g., Pouliezos
and Stavrakakis, 2013; Akhavian and Behzadan, 2013). In aerospace product
development, ML has been used to approximate the results of expensive
simulations by creating surrogate models. Research studies have proven
the effectiveness of the use of ML to reduce computational cost for design
optimization, design space exploration, and sensitivity analysis. For instance,
Huang et al. (2011) have built a model that approximates the computational
mechanical analysis of engine components to reduce the computational cost.
Jeong et al. (2005) have used data mining approaches for aerodynamic design
space to identify the effect of design parameters on design objectives. ML
has been also used to explore the design space and to identify the rationale of
the improved performances of an optimal solution (Jeong et al., 2005; Mack
et al., 2007). Similarly, experimental investigations have been performed
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using linear regression, support vector machine (SVM) and tree models
(Dasari et al. 2015). Besides these initial attempts, the application of ML
to early design space exploration is still in its infancy. Limited research
has been done in understanding how to derive design indications for new
product development, and the challenge of how to support the assessment
of value and sustainability remains largely unexplored.
The aim of the research presented in this paper is to enable a more
complete and effective exploration of the design space by developing an
approach integrating the assessment of value and sustainability in a decision
support environment. The use of ML to deal with the heterogeneity of
data of VDD and SPD models is proposed as an enabler of wider and faster
evaluations of the design space. The approach was developed in collaboration
with a first-tier a erospace s ub-system m anufacturer a nd a pplied o n t he case
of a development of a component for a commercial aircraft engine. The paper
is structured as follows: the next section describes the research approach.
Section 9.3 discusses the challenges of assessing value and sustainability
in aerospace product development. Section 9.4 presents the design
support requirements derived from the empirical study, the role of ML as
technology enabler, and describes in detail all the steps of the proposed
approach. Section 9.5 presents the application of the approach in the case of
the development of a turbine rear structure for a commercial aircraft engine.
Section 9.6 discusses the findings in relation to the actual theory and practice
and Section 9.7 draws the final conclusions highlighting the next steps to be
taken in research.

9.2

Research approach

The research presented is based on a participatory action research (PAR)
(Whyte et al. 1989) approach applied in the frame of the Design Research
Methodology (DRM) (Blessing and Chakrabarti, 2009). The aim of PAR is
to solve practical problems, that also have theoretical implications, by
directly involving researchers and practitioners in the research design. A
PAR approach involves cycles of actions where researchers plan an action, act
in relation to the plan, observe the effects, and reflects on the observations,
ultimately leading to a new plan or solution. PAR has been criticized in literature for the limitation in researchers’ independence, because of the biases
introduced by the direct collaboration between researchers and practitioners
and has also been criticized for lacking academic standards (McNiff, 2014).
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This exposes the approach to the risk of lacking rigor and technical validity.
To mitigate such a risk, the application of PAR has been steered by the
DRM proposed by Blessing and Chakrabarti (2009). The DRM consists
of four non-linear stages encompassing a Research Clarification stage, the
definition of an AS-IS model of a specific design situation (Descriptive Study
I), the design and development of the desired design support (Prescriptive
Study), and the evaluation of the effectiveness of such support (Descriptive
Study II). The difference between PAR and the DRM consists in the fact
that PAR draws conclusions about a specific support in a specific situation,
aiming for a continuous improvement until an optimized implementation
is achieved, while the DRM stresses the importance of the validation of a
design support in terms of generic statements of partial implementation.
The two approaches can mutually nurture each other, with the PAR cycles
mostly involving the prescriptive study and its validation, while the DRM
stresses the rigor in the problem definition and in the generalization of the
research statements (Blessing and Chakrabarti, 2009).
During the research, the focus of the investigation was initially divided in
three streams, a first related to VDD, a second related to SPD, and a third
related to the use of ML in early aerospace development. The division of the
topics of investigation eased the identification of relevant stakeholders at the
partner company, involving respectively systems engineering practitioners,
sustainability experts, and data science experts, that could easily relate the
topic of investigation to their own working responsibilities. The coordination
of the activities and the sharing of the intermediate results happened through
bi-weekly research team meetings.
The descriptive study was based on the data collected from a five-year research program encompassing multiple project studies and involving several
researchers in the VDD, SPD and ML domain. Data were collected through
the constant interaction between researchers and practitioners facilitated
by focus groups, workshops, and semi-structured interviews, complemented
by internal document reading and literature review. The semi-structured
interviews were organized around a set of predetermined open-ended questions, with additional questions emerging from the dialogue. This choice of
this form of interviews, instead of using well defined and specific questions,
served the purpose of collecting specific information from individuals with
different roles in the company giving the freedom to the participants to
discuss on emerging issues of challenges, individually perceived as important,
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but not previously identified in the interview protocol (see DiCicco-Bloom
and Crabtree, 2006). Some of the intermediate results from the descriptive
study were formalized in a scientific publication in 2015 (Isaksson et al.,
2015), proposing an overall framework for the development of model-based
decision support for value and sustainability. The formalization of such
framework was functional to the definition of the high-level requirements
of the approach proposed in this paper and served as a boundary object
around which the researchers from the three domains have coordinated
the subsequent research work. A consistent part of the descriptive study
took place in parallel with the prescriptive study and focused on collecting
data about the case of the development of a hot-structure component for
a commercial aircraft engine component. With such focus, interviews took
place to narrow the investigation into aspects that would have otherwise
been difficult to capture through informal conversations. Focus groups were
organized to complement the findings of the interviews by capitalizing “on
communication between the research participants in order to generate data”
(Kitzinger, 1995 pp. 299). The enrollment to the focus groups was managed
by direct invitation to the participants issued by the research team, with the
recommendation to extend the invitation to any other company employee
that could have an interest in the topic. The results from the focus groups
were collected either by summarizing the produced material or by taking pictures. Field notes were occasionally collected when taking part and observing
project meeting at the company facilities. In such cases, the researchers
had the chance to capture the context and the setting in which the problem
was discussed and to record behaviors and reactions. Internal company
documents and publicly available information (including academic theses,
presentations, and reports) describing the existing engineering challenges
related to the development of hot-structure components were also analyzed
for triangulation purpose.
In the prescriptive study, the development of the proposed approach
focused on the case of the design of a turbine rear structure. Different
versions of the proposed approach were developed through a series of cycles
in which different prototypes were defined and presented to practitioners to
obtain feedback and evaluation. Those served to incrementally improve the
approach and converge toward the final solution. The feedback was collected
both during bi-weekly project meetings between academic researchers and
industrial practitioners and during ad-hoc organized seminars involving
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the practitioners directly impacted by the possible introduction of the new
approach. The data populating the models of the TRS case were partially
obtained as a result of computer-aided engineering (CAE) simulations on
real design cases and partially complemented with realistic, but artificial,
data to avoid issues of industrial secrecy.
During the Descriptive study II, the computational capabilities of the
approach were tested to ensure that the actual support was developed to
such an extent that it could be evaluated, corresponding to the support
evaluation phase of the DRM. Later a partial test of the applicability of the
approach was performed in relation to the usability of the proposed approach
by engineers, and the delivery of the desired performances, corresponding
to the application evaluation stage of the DRM. The latter evaluation
did not encompass the integration of ML. Both the evaluation did not
happen sequentially, but they were part of the continuous improvement
activities during the development of the support. Figure 1 provides a visual
representation of the focus, deliverables, and methods used for data collection
in the different stages of the research.

Figure 1. Visual representation of the research approach and data collection
methods used in the frame of the Design Research Methodology.
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9.3

Value and Sustainability challenges in aerospace
product development

Aerospace product development is a long process involving companies at
different levels of the supply chain, and it is commonly steered by set-based
concurrent engineering (Sobek et al., 1999). The process starts with a set
of assumptions and requirements that mature and are adjusted as time
goes by and decisions are made on specific product features. The long
lead time creates a challenging situation for sub-system and component
manufacturers. They need to start the development process long before
requirements are signed. They need to deal with requirements uncertainty
while being constantly pushed to increase design robustness, reduce weight
and cost, and improve product performances. Normally, multi-disciplinary
design optimization is used early in the process to consider an open set of
feasible design solutions, rather than focusing on specific solution points in
the design space. This is to enable engineers to understand the implications
of decisions made in early design stages, considering products featuring
several decades of operations and production periods of about 20 years.
The VDD research field has its origin in aerospace product development
and it is based on the idea of optimizing a system toward its best value, rather
than toward the fulfillment of requirements, by proposing an innovative
process to either replace or complement traditional design methods (Collopy
and Hollingsworth, 2011; Soban et al., 2012). VDD methods are based
on the use of the so-called “value functions” to drive the multidisciplinary
optimization of a design. Authors have argued about the need for having a
single value function or a combination of multiple value functions to use for
design concept trade-off, (Soban et al., 2012). The use of value functions
has been often linked to the need to monetary quantify the profits, or losses,
linked to a specific design solution (e.g., Castagne et al. 2009, Cheung et
al. 2012). In these cases, the value function took the form of a net present
value assessment or of surplus value calculation (e.g., Price et al. 2012,
Selva and Crawley 2013). In other cases, VDD models featured a qualitative
nature, aiming to increase decision makers awareness during multidisciplinary
trade-off analysis, rather than providing optimization results. In these cases,
qualitative data have been driving the value analysis, investigating the
potential synergies in design, manufacturing or servicing (e.g., Ross et al,
2004; McManus et al., 2005, Bertoni et al. 2018).
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SPD is based on the idea that, to reach more sustainable solutions,
the product development team must know what sustainability means, how
sustainability can be achieved, and how sustainability can be measured
(Arena et al., 2009). Research in SPD has combined a forecasting approach
with a backcasting approach. Backcasting means imagining success in the
future and then looking back to today to assess the present situation through
the lens of this success definition, ultimately exploring ways to reach that
success (Vergragt and Quist 2011, Quist et al. 2011). This includes an
understanding of how a design solution influences social and environmental
sustainability from raw material acquisition to disposal phase (Hallstedt,
2017; Joung et al., 2013), and how to define the most prioritized sustainability
criteria from a backcasting perspective. This led to the formulation of the
so-called Sustainability Design Space (SDS) (Hallstedt, 2017), including the
definition of criteria and indicators to support SPD. A criterion is defined
as a target of a prioritized aspect or as the level of the aspect that we strive
for (e.g., “no raw material used” and “no hazardous chemicals used”). An
indicator is defined as a measurement or facts (qualitative or quantitative)
that can indicate the state or level of the criterion (e.g., “material used in
total and per unit of product” and “kilograms of persistent bio-accumulative
and toxic chemicals used”), in line with the definitions presented in Renn et
al. (2009). The SDS as described by Hallstedt (2017) consists of three parts.
The first part is the Strategic Sustainability Criteria, based on overarching
sustainability principles at the basis of a backcasting perspective (Broman
and Robèrt, 2017). This defines the ideal long-term sustainability targets
for each product life cycle phase. The second part consists of the Tactical
Sustainability Design Guideline, to support the development towards the
related long-term strategic sustainability criteria, including current and shortterm, industry-specific and company-specific requirements and expectations.
The third part is a qualitative measurement scale, called Sustainability
Compliance Index (SCI), linked to each of the strategic criteria to assess
to what degree a product concept performs in relation to a sustainable
solution. All three parts of the SDS have been applied separately and used
in different combinations with other support tools in case studies in aerospace
product development (Hallstedt and Pigosso, 2017; Hallstedt and Isaksson,
2017). A further relevant challenge for sustainability assessment is the link
to the sustainability risk. Sustainability risk is defined as “threats and
opportunities that are due to an organization’s contribution or counteraction
to society’s transition towards strategic sustainable development” (Schulte
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and Hallstedt, 2018). Material selection is one example of a design feature
that needs to be decided early in the innovation process and can be linked
to sustainability risk as it has a direct impact on upstream decisions (e.g.,
extraction activities in rural areas), and downstream decisions (e.g., the
selection of manufacturing processes and end-of-life solutions) (Giudice et
al., 2005), and thereby has an impact on business success in the long run.
The high heterogeneity, poor maturity, and scarce availability of data
are the common denominators when combining VDD and SPD models for
design space exploration. Despite the examples of applications of VDD and
SPD models in different aerospace development stages, little focus has been
spent in integrating VDD and SPD methods into design space exploration,
combining the numerical results of the product structural simulations. Three
challenges make the use of computational models for value and sustainability
particularly cumbersome. First, the availability of first-hand data is limited,
because the data that populate VDD and SPD models reside not only
within the product definition but also within the product lifecycle and usage
environment (Gautam and Singh, 2008; Curran, 2010; Hallstedt et al., 2013).
Second, the relations between the design variables that have an impact on
value and sustainability are difficult to identify (Bertoni et al., 2018; Watz
and Hallstedt, 2018). Third, value and sustainability models need to be
coupled with effective approaches to communicate the results to engineers,
who may not be accustomed to this type of information (Bertoni et al.,
2013). Such communication shall be done in a form as close as possible to
the “natural thinking pattern” of engineers, which is a key factor for the
acceptance of a new formal method (Lopez-Mesa and Bylund, 2011). The
consequence of not addressing these challenges in current decision situations
is the weakness in clarifying and understanding the value and sustainability
implications of compared to, for instance, the mechanical, thermal or fluid
dynamic performance of an engine. In other words, engineers have poor model
support to answer questions like: “Which is the most valuable component
to develop?” or “What would its sustainability profile look like?” or “What
is the sustainability impact of the product during its lifecycle and how does
this affect stakeholders in the value chain?”. Such questions would need to
be answered before committing high resources on a development project,
however computational models to be used in the design space exploration
are nowadays missing.
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Based on the challenges described in section 9.3, a list of “design support
requirements” to guide the development of the proposed approach was
formulated. In accordance with the DRM, those requirements were intended
as high-level indications for the definition of the ideal design s upport. Three
aspects were identified a s r elevant t o e ffectively d evelop a nd i mplement the
approach. First, the proposed approach needed to be able to deal with data
of different nature and level of granularity. Second, the integration of the
model in the current working practices needed to be as smooth as possible
to overcome the resistance to changes of an established development context,
and to not prolong the computational time. Third, the reliability of the
models and data used in the approach needed to be evident.
Based on such reflections a l ist o f d esign s upport r equirements was defined
as follows.
1. The support shall aggregate into a unique model the results of both
VDD and SPD models despite their multi-dimensionality.
2. The support shall be able to deal with both qualitative and quantitative
data.
3. The support shall be easily integrated into the current working practices
at the partner company.
4. The support shall provide results that are easy to read and trade-off
with traditional structural analysis.
5. The support shall present the results in terms of seconds for hundreds
of potential design concepts.
6. The support shall be able to quantify the uncertainties and assumptions
related to the use of VDD and SPD models.
7. The support shall not provide a false impression of accuracy in the
results when accuracy is not present.
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In order to deal with such requirements, the use of ML emerged as a
technological enabler to support value and sustainability assessment, as
further described in section 9.4.1.

9.4.1

Machine learning as a technological enabler

ML comes into play as a possible technique to support the prediction of value
and sustainability performances. ML enables the identification o f hidden
correlations on extensive sets of multidisciplinary and multidimensional
data (encompassing both categorical and numerical variables), discovering
correlations otherwise dicult to be found with traditional statistical analysis
techniques. The use of ML algorithms is identified a s a n o pportunity to
lower the uncertainty of the decision making by populating models with
data-driven information rather than experience-driven assumptions. The
incompleteness and low maturity of the data in early design space exploration
introduce large uncertainties in VDD and SPD models. Engineers’ experience
and intuition are often the main decision drivers since data to populate
VDD and SPD are missing. Historical databases are the key source of
data for such applications and, despite being based on data collected from
previous products, they can provide important information for engineers to
reduce the uncertainty of their assumptions. ML emerged in the study as
an approach to analyze the data related to customer revenue, maintenance
cost and manufacturing costs, and to explore the correlation with more
qualitative value aspects. Similarly, sustainability models could be built by
analyzing the actual sustainability performance, looking in retrospect to the
correlation with the engineering configurations o f t he p roducts a lready on
the market.
The use of ML was further identified a s u seful i n a llowing t he creation
of predictive models approximating the results of those areas of the design
space where limited data is available. This approximation analysis mimics
the complex behavior of the underlying simulation analysis and provides a
great opportunity for engineers to explore many design variations without
the need to set up computationally expensive simulations. This is commonly
referred to as the development of approximation models, also known as
response surface models, surrogate models and meta-models (Mack et al.
2007). Statistical methods, such as Kriging and polynomial methods, were
identified a s r elevant t o c onstruct s urrogate m odels. F urthermore, the
literature review showed that ML methods, such as support vector machines,
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tree-based models, artificial neural networks, and radial basis functions, have
been successfully used to construct response models in aerospace product
development (e.g., Queipo et al. 2005, Shan and Wang 2010; Dasari et al.
2015). In general, surrogate models aim to deal with quantitative data;
however, in the proposed approach, surrogate models need to deal with
both quantitative and qualitative data, thus capable of including value and
sustainability data which are not numerically quantifiable. Hence, a suitable
method needs to be selected to construct surrogate models. While linear
regression or polynomial methods cannot be used for the purpose, a treebased method is more suitable to handle both quantitative and qualitative
data and is also capable of fitting nonlinear and high dimensional data.

9.4.2

Overview of the proposed approach

The proposed approach consists of an extension of the design space exploration process commonly in use during the early stages of product development. Figure 2 provides an overview of the logic of the approach showing
the role of VDD and SPD models in relation to the CAE simulation results.
The design space exploration begins with the definition of design parameter variations in the CAE environment (e.g., geometrical variations
in between a range of values). Based on such parameters, the structural
analysis, the modal analysis and the thermal analysis of different design
cases are normally run in the CAE environment. Here a design of experiment (DOE) analysis is performed on the CAE simulations to determine the
relationships between the inputs and the outputs of the CAE simulations.
At this point, the outputs of the CAE simulations are used to populate the
value models and sustainability models. The assessment of value is divided
into two parallel activities: the qualitative assessment and the quantitative
assessment. Concurrently the assessment of sustainability models is conditioned by the definition of strategic long-term criteria, which give a set
of leading criteria from which sustainability indicators are identified with
data intervals. Only after those steps are conducted and the indicators
defined, more specific sustainability models can be performed in relation
to a defined product. The outputs from the sustainability models and the
value models are finally integrated with the original outputs from the CAE
simulation. This is referred as post analysis data and it is used to generate
surrogate models to expand the design space explorations, embedding value
and sustainability considerations. The following sections describe in detail
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Figure 2. Overall logic on the model-based approach for value and sustainability enabled by machine learning

the logic and rationale of all the steps of the proposed approach.

9.4.3

Value modeling

As presented in section 9.3, research in VDD has long discussed the
iden-tification of the most suitable criteria to be used in aerospace
product development, also developing customized solutions to specific
situations (e.g., Ross et al., 2004, Steiner and Harmon, 2009, Bertoni et al.,
2011). Among those, a framework of reference for value model development,
encompassing qualitative and quantitative criteria, has been proposed by
Bertoni et al.(2015b), studying the specific case of aerospace components
development. This framework has been used as a starting point for the
identification of the value criteria.
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The value criteria are divided into two main families: those quantifiable numerically encompassing operational performances, production and
servicing, and those quantifiable qualitatively, using categorical variables,
encompassing “ilities” such as commonality, survivability, and scalability (see
McManus et al., 2007). The context dependency of the methods used for the
computation is the main difference between the two families of criteria; while
the quantitative criteria can be computed using numerical functions that are
context independent, and thus generalizable (e.g., the cost of raw material
does not depend on its final application), the qualitative criteria assessment
is based on judgments that are dependent from the specific industrial context
in which a new design is developed (e.g., the commonality in technology is
dependent on the technology development of a specific company at a specific
moment in time).
As shown in Figure 3, the quantitative criteria included in the approach
are divided into three macro-categories: operational performances, production, and servicing. The first includes the assessment of fuel savings
and reduction of CO2 emissions granted by each single design case. The
production criteria include the cost of raw material and the cost of manufacturing. The latter includes a trade-off analysis between the cost of
welding, the cost of the casting and the use of an additive manufacturing
process. The maintainability of a product is instead the criterion linked to
the servicing. Based on such criteria three different models are identified
as relevant for quantitative value modeling, those are a customer revenue
model (including the modeling of operational savings), a maintenance cost
model, a manufacturing feasibility and cost model, and an operational cost
model.
The approach deals with the modeling of qualitative value aspects by
focusing on three main areas, namely, commonality, survivability, scalability
of solutions. Commonality evaluation consists of analyzing the design cases
from a technology perspective (e.g., reuse of material type or reuse of qualified
welding), from a product perspective (e.g., number of features shared with
other components), and from a system architecture perspective (e.g., common
features in relation to the system in which the product/component will be
integrated). The survivability of a design is defined as the ability to avoid or
withstand a hostile environment (e.g., the ability to fly into an ash could).
The scalability of a design is instead defined as the ability to change the
level of one or more system specification parameters while maintaining the
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Figure 3. Value Criteria identified in the study

product value.

9.4.4

Sustainability modeling

Sustainability modeling starts with a sustainability identification process,
leading to the definition of a Sustainability Design Space (SDS), based on a
combined forecasting and backcasting approaches (Hallstedt, 2017). This
SDS was used as a starting point for identification of leading criteria and
indicators with the purpose to inform sustainability models to be used in an
automated decision support environment. In the proposed approach, the
computation of sustainability models is conditioned to the identification of
sustainability criteria. Those need to be in line with the industry strategic
long-term development criteria and set the basis for the quantification of
sustainability consequences related to different design cases. The last step
of the sustainability identification process is the definition of indicators
for sustainability. An indicator makes it possible to compare and measure
the relative differences between solutions and allows such indications to be
included in simulation models. This means that to understand how a design
solution influences social- and environmental sustainability aspects, and vice
versa, a key step is to identify which socio-ecological criteria and indicators
are relevant for a product throughout its whole lifecycle.
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Table 1 lists the sustainability indicators identified in the study, representing early life cycle phases of a product. The indicators are defined as
measurements or facts (qualitative or quantitative) that indicate the state
or level of the leading criteria.
After the sustainability identification process, three sustainability models
(see Figure 2) are proposed to clarify what sustainability data to be included,
how they are weighted, and how they relate to other design variables in a
model-based approach for value and sustainability.
The ”Sustainability Criteria And product life cycle Data Simulation –
SCADS model” is proposed to connect to life cycle data and automatically
calculate a “sustainability merit” for each concept design that is generated.
The “System analysis model of sustainability indicators and functional design
requirements” is meant to guide the weighting of the different sustainability
indicators in the SCADS model. Finally, the “Correlation studies and
system analysis studies between sustainability indicators and design variables”
step aims to give a better understanding of the relationships to support
the development of algorithms in a model-based approach for value and
sustainability assessment in design space exploration.

9.4.5

Digital model integration and use of machine learning

Due to the multidisciplinary objectives of aerospace design analysis, aerospace
product simulations can take up to weeks depending on the complexity of
the problem of interest. This is because the multi-disciplinary analysis
can include several tasks which may require a large number of simulations
(hundreds or thousands), creating the need to speed up the procedure of
analysis. This is where ML plays a key role to build approximation models,
also called meta-models, surrogate models, or response surface models, that
can mimic the original system in order to minimize simulations, and therefore
cost and resources, needed to investigate the design space.
In the empirical study, the use of Random Forest algorithms emerged as
a good combination of accurate and comprehensibility. Random Forest is an
ensemble method, which means a combination of multiple methods, and it
is used for both classification a nd r egression ( Breiman, 2 001). N ormally, a
forest contains many trees, in that way random forest also contains many
decision trees. Each tree in the forest represents a model, and these trees are
built using a deterministic algorithm by selecting a random set of variables
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Table 1. Leading sustainability criteria and indicators for each leading
criterion at the case company. * REACH: Registration, Evaluation, Authorization and restriction of Chemicals candidate list. ** IAEG: chemical list
for aerospace industry, 3000 substances include global requirements.
Life cycle

Leading criteria – main
aspects

Raw materials
acquisition
and extraction

Critical materials

Production

Recycled materials
Scrap recyclability
Risk of remanufacturing

Health and safety

Emissions, waste products
and chemicals listed in
REACH* /IAEG** lists
Distribution

Risk of being exposed to
dangerous substances

Use and maintenance

Optimized product weight

Noise to the surroundings

End of Life

Materials/components returned for remanufacturing
and recycling.

Indicators
SCI score for alloys according
to the criticality assessment
method presented in Hallstedt
and Isaksson (2017)
Percentage of materials used
that are recycled input
materials
Recycling rate of scrap (??)
Robustness index:
corresponding to emissions per
sale, e.g., CO2 Sox; VOC and
other greenhouse gas emissions
Number of injuries, risk of
exposure, leakages
Number of
chemicals/hazardous materials
used/generated in the
production and included in the
REACH and IAEG lists.
Percentage of health risk due
to exposure to dangerous
substances during distribution
(per year)
weight reduction (for each
component) in % compared to
previous solution
Noise level reduction (for
engine used in real life) in %
compared to previous solution
% of components possible to
remanufacture and % of
components recycled

and random samples from the training set. While choosing the bootstrap
samples to build a tree, some of the training data may be repeated and
some of the samples are left. These left out data sample represents the
out-of-bag samples. For random forest model generation, two third of the
total training sample is used for deriving a regression function whereas one
third represents the out-of-bag sample. A regression tree is constructed
using randomly selected training samples, and out-of-bag samples are used to
test its accuracy. An average prediction error estimation of each individual
tree is given by mean squared error. Other advantages of tree models are:
the ability to handle both qualitative and quantitative data, the ability to
handle complex dataset with high-dimensionality, and the ability to fit highly
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non-linear model (high degree polynomial models) given small sample sizes.
Random Forest was also selected as a suitable method for the post-analysis
of the dataset. Here, value and sustainability criteria can be included in the
dataset to construct surrogate models and to analyze the trends between
the multiple parameters, providing a multi-disciplinary exploration of the
design space. Two additional advantages can be related to the use of random
forest, which are: the possibility of obtaining the parameter importance
from the model, and the possibility of extracting if-then rules from a model
that explains the mapping procedure between input and output parameters
(Deng, 2018).
Figure 4 shows the ML approach to support the computation of VDD
and SPD models together with DOE data and then build a surrogate model
for design space exploration. The construction of models starts with postanalysis dataset as shown in Figure 4. The post-analysis dataset contains
the DOE dataset and data from VDD and SPD models. This post-analysis
dataset is divided into training data to train the model and testing data
to evaluate the performance of models. Hyperparameters (for instance, the
number of trees) tuning the random forest algorithm are helpful to improve
the performance of models. The trained and tested model is then used to
predict the outcome for new dataset where the output is unknown. In the
end, the predictions of models (results) are visualized in parallel coordinates
to understand the effects of VDD and SPD parameters on the studied design
objective in DOE (as detailed in section 9.4.6).

9.4.6

The need for visualization

The high quantity of data generated in the approach calls for a method
to visualize the performance level of different variables based on specific
trade-off analyses performed by engineers.
Engineers need to concurrently visualize, and trade-off, the results of
hundreds of design cases for a long list of variables. The use of dynamic
parallel diagrams emerged as a powerful tool to navigate through the design cases and generate visual feedback on trends and trade-off between
mechanical performance and value and sustainability scores. The choice
of dynamic parallel diagrams is in line with the literature presenting them
as an established practice for the visualization of mechanical performances
obtained from CAE simulation (Kipouros and Isaksson, 2014). Furthermore,
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the integration of value models and sustainability models results in the
dynamic parallel diagrams, fits the goal of visualizing such information in a
model that easily integrates in the current working practice.

Figure 4: Automated machine learning approach to support integrating of
VDD and SPD together with Mechanical analysis data
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9.5

Application of the approach for the case of a
turbine rear structure

The proposed approach has been applied to the case of the development of
an aircraft engine component, namely a turbine rear structure (TRS). The
TRS attaches the rear part of the engine to the wing of the aircraft. The
component provides the load path from the engine mounts to the core engine
and access for service utilities. In addition, the TRS component contributes
to directing the airflow as it passes through the engine. The multidisciplinary
design problem with high temperatures and complex manufacturing solutions
provide a complex design challenge. Figure 5 illustrates the cross-section of
a jet engine with the TRS at the rear end.

Figure 5. The cross-section of a Jet engine and the location of the TRS
For this case, different geometric design parameters were varied with the
purpose to explore the design space and understand the impact of design
parameters on value and sustainability performance.
The first step of the approach consisted in verifying, through DOE, the
engineering performance of a high number of design variants (called design
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cases) in the CAE environment. In total, 118 design cases were used to
investigate the design space for the TRS. Each design case contained 27
design variables, which included five design variables for the vane, three
design variables for the turbine hub, 15 variables regarding thickness, and
four thermal variations. The outputs of the simulations consisted in a dataset
of 12 variables for each design case related to aero performance (e.g., swirl,
buckling, fan blade out load case, and over turning moment). A typical
example of a key design question for such kind of design is represented by
the shape of the outer case of the TRS. As shown in Figure 6, the outer
case can be either circular or polygonal. The latter has advantages in the
stiffness of the component but can bring disadvantages in aerodynamics and
manufacturability. The variations in performances of the design cases in
relation to the other design parameters could be investigated in the DOE.
Those outputs served as inputs for both value and sustainability modeling.
Customer revenue models, manufacturing feasibility and cost (in particular
related to the welding process) and maintenance cost models were run as
quantitative value assessment models.

Figure 6. A TRS concept with a polygonal outer case (on the left) and a
TRS concept with rounded outer case (on the right).

9.5.1

Generation of VDD model in the TRS case

In the TRS study, some of the outputs of early simulations (i.e., mass,
volume, geometrical dimensions, the length and thickness of the welding)
were used as inputs for the computation of the quantitative criteria by
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developing specific value f unctions. T he c omputation o f q ualitative criteria
was instead based on the possibility to access specific databases to compute
the value of categorical variables. Table 2 describes how the quantitative
value criteria were computed in the TRS case, and how qualitative value
criteria could be computed based on data availability. Table 2 lists the
inputs, either from simulation or external sources, and the quantification
method applied. The lack of availability of data recorded about commonality,
scalability, and survivability caused the qualitative assessment models not
to be fully implemented in the case study. Estimations were therefore based
on assumptions rather than real data.
For quantitative value modeling, different techniques were applied to
external databases to investigate hidden correlations and reduce uncertainty.
In specific, the calculation of the Customer Revenue Model depended on the
possible savings in fuel consumption granted by each specific d esign case.
In order to calculate such savings an aircraft fuel performance model was
created, considering the aircraft fuel consumption to be directly proportional
to the weight of the aircraft. The model also included a system of weight
reduction multipliers to project the impact of a change in weight of the
TRS component on the overall weight of the aircraft. Two aircraft types
were considered: the Airbus A380 and the Boeing 787 Dreamliner. The
aircraft models were respectively introduced in 2007 and in 2011 and have
been operating long enough to obtain reliable fuel consumption data made
available by the International Civil Aviation Organization (ICAO, 2017).
Multi-linear regression analysis was applied to fuel consumption data to
derive aircraft fuel consumption models based on the aircraft flight range
and type. Maintenance cost models were based on the work by Seemann et
al. (2010), who proposed a surrogate function to model the life cycle cost
of jet engine maintenance based on a large set of historical data related to
aircraft maintenance operations. The analysis in the case study was limited
to the maintenance cost linked to the life-limited parts and assumed the
take-off thrust not to be impacted by the different TRS design cases. The
assessment of supplier costs, impacting the Manufacturing Feasibility and
Cost model was run by applying ML on a suppliers’ deliveries database,
although, due to the unavailability of a structured and large enough set of
data, such activity was performed on a demonstrative database with the
intent to demonstrate the approach rather than providing verified results for
the case study. The manufacturing model was based on data about machine
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performances for different technologies and operations available in literature.
The model compared casting versus additive manufacturing technologies
and investigated feasible welding technologies. Further improvements of the
manufacturing model were obtained by exploring the correlation between
geometrical properties of the components and a database of information
about casting and additive manufacturing performances in terms of cost,
time, and material scrap. In those cases, realistic data were used in the
study.
The qualitative models suffered from a general lack of data records in the
case study. Data about performances during product test and unexpected
behavior in operations were not directly available to the engineering dealing
with design space exploration. This is because such data were normally
collected at different organizational levels and are typically not requested
and shared unless a clear request is done and a need for those is evident.
Similarly, data about commonality and scalability would need to be collected,
structured and stored for a certain period of time before allowing the
investigation of possible correlations in the data. From this perspective, the
case study application of the approach did not reach an ideal implementation,
rather it raised the awareness of the necessity to allow such kind of data to be
collected in an accessible format to be used during design space exploration.

9.5.2

Generation of SPD models in the TRS case study

A sustainability assessment was performed on the design case by first identifying strategic long-term and leading sustainability criteria to define sustainability indicators and the related data intervals. An interval between
an acceptable and a minimum level, including a target value, was defined
for each leading criterion. These intervals were derived from dialogues with
company experts and from information and data found in documents such
as sustainability reporting guidelines, environmental sustainability index
reports, and strategies and guidelines from the Advisory Council for Aviation
Research and Innovation in Europe (ACARE, 2011).
The indicators and the related intervals are presented in Table 3. For the
TRS case, one of the sustainability indicators, Sustainability Compliance
Index (SCI) was derived from a material criticality assessment method
based on values characterized by qualitative assessments translated into a
quantitative indicator, i.e., an SCI score. This method was presented in
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Table 2. List of quantitative and qualitative value criteria, data collected
and computational methods
QUANTITATIVE VALUE CRITERIA
Inputs from simulation

External data-source

Specific
Methods

Fuel cost
saved

- TRS mass

- Aircraft fuel
consumption model
(ICAO)
- Aircraft weight-fuel
consumption relation
- Expected life
- Fuel cost

- Regression
analysis of
ICAO data

CO2 emission
saved

- TRS mass

- CO2 production per kg
of fuel (ICAO)

- Linear
relation with
fuel reduction

Cost of raw
material

- TRS mass

Cost of
Casting

- TRS mass
- Cube surface area
- Shape complexity

Cost of
Additive Manufacturing

- TRS mass

Cost of
feasible
welding
technologies

- Weld length
- Weld thickness

Maintainability

- TRS mass

Criteria

- Percentage of scrap
from production
- Casting practice
database
- Plant and overhead
cost estimate
- Additive
manufacturing practices
- Plant and overhead
cost estimate

Activity-based
costing
Activity-based
costing

- Regression
- Welding technology
analysis
capabilities
(EWB/TIG/Plasma/LBW) Activity-based
costing
- Data mining
- Life-limited parts
on
model (Seemann et al.,
maintenance
2010)
database

QUALITATIVE VALUE CRITERIA
Criteria

Survivability

Scalability

Commonality
in technology

Commonality
in product

Commonality
in system
architecture

Proxy parameters

Data to be accessed

Method to
be applied

Component behavior in
relation to:
- Unexpected higher
temperature
- Fly into an ash cloud
- Ice formation
- No. of the components to
modify if engine diameter
changes
- Efficiency of components in
case of engine weight change
Percentage of reuse of:
- Welding fixtures
- Qualified welding
- Tested material
- TRL level of technology
- Percentage features shared
with other components
- Percentage of raw material
already in use
- Engine by-pass ratio
- Engine overall pressure
ratio
- Engine thrust to weight
ration
- Engine electrical generation

- Database of
performances during
tests
- Database of
unexpected behavior
during operation

- Data mining

- Number of constraints
in CAD models
- Tolerances and critical
level in FEA

- Finite
element
analysis

- Database of qualified
welding
- Database of tested
material

- Data mining

- Database of used
features
- Database of material
used

- Database
search

- Engines performances
and feature database

- Database
search
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Hallstedt and Isaksson (2017) and it is shown in Figure 7.

Figure 7. Illustration of the material criticality assessment method generating
a Sustainability Compliance Index score. (Hallstedt and Isaksson, 2017)

9.5.3

Generation of surrogate models in the TRS case study

ML was applied in the case study both to generate descriptive models, thus
to populate value as described in section 9.4.1, and to create predictive
digital models of performances. In the last stage of the case study, the
random forest algorithm was applied to the available dataset, integrating
value and sustainability parameters, in order to derive surrogate models
predicting the multi-disciplinary performances of new design cases, as
shown in Figure 4. In this way, it was possible to estimate the
performances of unique designs not previously simulated. The advantage of
using ML algorithms compared to traditional surrogate modeling
techniques was the ability to deal with categorical variables such as the
manufacturing type or the choice of a specific supplier.
Figure 8 shows an example of the visualization of the results with a
dynamic parallel diagram. In the analysis, a selection of variables is included,
and the results are evaluated with respect to performance metrics such as
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Table 3. Indicators with a suggested interval for each leading criterion for
the case is presented. The intervals go from acceptable to a minimum level
(worst level), including a target level
Life cycle

Raw materials
acquisition
and extraction
Production

Indicators
SCI score for alloys according
to the criticality assessment
method presented in Hallstedt
and Isaksson (2017)
Percentage of materials used
that are recycled input
materials
Recycling rate of scrap (%)
Robustness index:
corresponding to emissions per
sale, e.g., CO2 Sox; VOC and
other greenhouse gas emissions
Number of injuries, risk of
exposure and leakages

Number of chemicals/
hazardous materials used/
generated in the production
and included in the REACH*
and IAEG** lists.

Distribution

Use and maintenance

Percentage of health risk due
to exposure to dangerous
substances during distribution
(per year)
Weight reduction (for each
component) in percentage
compared to previous solution
Noise level reduction (for the
engine used in real life) in
percentage compared to the
previous solution

End of Life

percentage of components
possible to remanufacture and
percentage of components
recycled

Intervals for the TRS
case
Hot structures
Target: SCI 6-9;
Acceptable: SCI 1-3:
SCI score 0-40
Minimum: SCI 1: SCI
score 76
Target: 100%; Acceptable:
50% Minimum: 25%
Target: 100% Acceptable:
95% Minimum: 80%
Target: No
Acceptable: yes, 5%
Minimum: yes, more than
5%
Target: 0 Acceptable: 10%
Minimum: 60%
Target: 0, i.e., no
chemicals/materials in
REACH or IAEG lists
Acceptable:
chemicals/materials in
IAEG lists occur.
Minimum: 1 or more
chemicals/materials in
REACH list occur.
Target: 0 Acceptable: 0
work-related fatalities, 2
injuries, 30 lost days
Minimum:0 work-related
fatalities, 4 injuries, 60
lost days
Target: 30% weight
reduction Acceptable: 15%
Minimum: 5%
Target: 65% reduction of
noise Acceptable: 50%
reduction of noise
Minimum: 10%
Target: 100% of
components
remanufactured
Acceptable: 90% of
components
remanufactured & 10%
recycled
Minimum: 85% of
components
remanufactured & 15% of
components recycled.
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Mass, Cost and SCI score (named Sust_Compliance in Figure 8). Each line
of Figure 8 describes a single design case and its performance in terms of
mechanical properties, value, and sustainability. The first column indicates
the nature of the data differentiating those obtained from real simulation
results (bottom-left corner) and those generated by the surrogate model
(top-left corner). The other columns indicate different design parameters
and value and sustainability scores, such for instance, if the design case
considered has a circular or polygonal outer case (third column). It has to
be noted, that Figure 8 has a demonstrative purpose and visualizes only a
partial set of the design parameters possible to evaluate.

Figure 8. Illustration of the dynamic parallel diagram, which has a demonstrative purpose and visualizes only a partial set of the design parameters
possible to evaluate

9.6

Discussion

Early phases of product development are sometimes described as “fuzzy” as
they are characterized by incomplete information about both the product
solution and the factual conditions wherein the product will be ultimately
used. Literature often cites the Design Process Paradox (Ullmann 1992) as
the founding rationale of many design decision support methods, underlying
the need of making relevant design decisions in a moment in time where
limited information about the future product is available. Both VDD and
SPD literature describe how such a challenge escalates in complexity in the
presence of value and sustainability considerations. The poor availability
of data, combined with their heterogeneous and cross-disciplinary nature,
cause value and sustainability considerations to be poorly integrated into
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the decision models. Value and sustainability evaluations often fall outside
the technical horizon of the engineers, whose activities and design decisions,
are rather driven by what they best perceive as reliable and understandable
(Charnley et al. 2011; Bertoni et al., 2016). Initial work on data science
in product development (e.g., Tseng and Hiao, 1997; Kusiak, 2006; Geng
et al., 2012) have presented some applications of data mining and ML
to support early design decision making. Although there is a need for
smoother integration of data science methods in traditional engineering
working practices to obtain effective use of data.
The approach presented in this paper moves a step toward a seamless
integration of ML into a CAE-based decision support environment. This
is meant to have an impact in the design practice by providing value and
sustainability assessment as part of the results of a design space exploration,
rather than as external complementary models, with different level of detail,
used at different moments in time during the development process.
From the perspective of the development of VDD models, the proposed
approach contributes to the theory presenting the capability to link the
value models to parametric variations of the CAD models, thus allowing
the automatic calculation of the value of hundreds of different product
configurations in a restricted time frame. This allows the application of VDD
models to sub-systems parts and components, limiting the application to the
feasible design space obtained from structural simulations, and avoiding the
need to test specific objective functions decided a priori (such as in Castagne
et al., 2008). At the same time, it allows an engineer to perform the analysis
on his/her own, being the owner of the results (thus avoid the need of the
figure of a “value analyst” as previously proposed by Bertoni et al., 2011b
and Panarotto et al., 2013).
From the SPD perspective, this approach is a unique way to include
sustainability aspects early in the design process. What makes it unique is
the systematic process to identify the sustainability criteria to focus on and
to include those in the assessment. The sustainability design space method
supports the identification of a set of sustainability indicators that covers
all dimensions, i.e., social, ecological and economic, of sustainability and
thereby avoid a sub-optimization. This approach is different from other
eco-design assessments or life cycle assessment as it is based on a strategic
sustainability perspective using overarching sustainability principles from a
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backcasting perspective.
The approach presented was also developed with the intention to move
toward an integration of the VDD and the SPD models, which have been
historically developed in different research streams. VDD and SPD share the
common goal to estimate the impact of a design decision from a lifecycle and
system perspective, however, the results of value and sustainability models
have traditionally been considered separately. While recognizing similarities
in the nature and logic of the formulation of value criteria and sustainability
criteria and indicators, a deeper theoretical discussion about differences and
similarities of VDD and SPD models is outside the scope of this paper.
The work does not claim to contribute to the advancement of the ML
research field in terms of the development of new algorithms, but it proposes
a novel application area for ML techniques to support integrating VDD and
SPS in design space exploration.
The descriptive study initially targeted the identification o f d esign challenges related to aerospace product development, in a second phase the
TRS case was selected as a relevant case to test the approach. The needs
and challenges at the basis of the logic of the approach were identified as
relevant to the design space explorations of different components in aerospace
development. The generalization of the approach in other industrial contexts
cannot be claimed since extensive research was not performed. A limitation
to consider in term of generalization is that the presented approach is particularly suitable for a product with a relatively static architecture, that
is, for design concepts with a defined number o f p arts a nd a g eometry that
can be parametrically changed in the CAD environment. In the presence of
design alternatives radically different in the number of parts and geometry,
the need for different CAD models, and the need to study new correlations
between different variables, escalates the complexity of the calculation. This
would most likely negatively impact the usability of the approach as decision
making support.
The proposed approach was applied in the case of the development of a
TRS for a commercial aircraft engine. As described in section 9.5, the case
study application slightly differed from the ideal proposed approach
described in section 4. Such discrepancy is in line with the DRM theory
describing the emergence of possible misalignment between the ideal design
support and the actual design support. The main reason for not achieving
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the ideal implementation of the approach was the limited availability of
data that were accessible to the engineers. In some situations, data were
stored in databases that were not readily accessible to engineers and were
integrated into the case study (such as in the case of revenues per flights, or
maintenance or manufacturing cost). In other situations, data did not exist,
not because of the presence of technological barriers, rather because the need
of collecting and storing such data was not perceived and effective way to
use those data was never planned (this is, for instance, the case for product
commonality and scalability). Similarly, data concerning environmental
impact and sustainability implications are increasingly collected in response
to the needs from governments and society, but they are at a level of
granularity that did not allow them to be effectively integrated into the TRS
case.
Concerning the communication of the results of the models, the visualization by means of dynamic parallel diagrams allowed the integration of
the results in an environment which was familiar with the working methods
of the engineers. However, such visualization did not provide any indication
in terms of effectiveness toward reducing the risk of providing a false sense
of accuracy in the results. Concerning the reliability of the results, the
measurement of the errors of the ML algorithm provided good indications on
the accuracy of the surrogate models, while the application of the approach
did not integrate a method to quantify the assumptions and uncertainties
ingrained in the value and sustainability assessment.
The validation of the proposed approach (i.e., the support evaluation
activity according to the DRM) was performed making use of a simplified
parametric model of a TRS tested through hundreds of design variations by
researchers in the university laboratory. Such activity allowed continuous
refinement of the mathematical logic prior to the application evaluation. The
latter was performed by implementing the proposed approach in the ModelDriven Decision Arena (Bertoni et al., 2018b) to verify the usability of the
approach in relation to the desired performance. Interactive presentations
with company representatives and demonstrative videos have been used for
the evaluation and gathering of feedback.
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9.7

Conclusion

The paper has presented a prescriptive approach toward exploiting the use
of ML in combination with value and sustainability assessment to create a
model-driven approach to support engineers in the design space exploration.
The approach allows integrating value and sustainability assessment models
in a unique modeling environment, enabling the automatic computation of
VDD and SPD models for a high number of design cases, encompassing the
estimation of both numerical and categorical variables by means of ML.
The approach presented supports engineers in performing multidisciplinary design space, allowing the identification of design solutions with
poor value contribution or low sustainability performance early in the development process. This generates savings in time and resources, reducing
the risk to further develop design concepts that would most likely show
poor value for the stakeholders, or bad sustainability performances, later
in the design process. From a theoretical perspective, the paper showed
an example of the possible integration of the VDD and SPD models in
a unique approach. The combined use of VDD models and SPD models
is proposed as a complementary approach to support CAE simulations in
design space exploration and ML is presented as a technology enabler for
model results integration. The use of ML allows reducing the time for
simulating design variations using surrogate modeling. To this concern, a
novelty of the approach is the creation of surrogate models including value
and sustainability criteria, enabling a multidisciplinary analysis of hundreds
of design alternatives guiding the selection of the more promising solutions.
The work is part of a larger research initiative aiming at the development
of an integrated model-driven methodology for early design decision support.
The application in the TRS case study was an intermediate step toward
the final development of the methodology, and it was performed to test the
applicability and effectiveness of the proposed model-based approach in a
limited scenario. More research challenges still need to be addressed focusing
on:
1. Investigate the definition of more specific parameters to be used as
proxies for the quantification of “ilities” (e.g., survivability, commonality, and scalability), concepts otherwise perceived as too vague by
engineers. This would make it easier to identify relevant dataset to
124

9.8. Acknowledgment
explore in the search of correlations with design parameters.
2. Perform correlation studies between sustainability indicators and value
criteria. A better understanding is needed concerning the correlations
between sustainability indicators and value criteria, e.g., fuel cost
saved, CO2 emissions saved, cost of raw material, commonality in
product, and commonality in production.
3. Perform correlation studies and system analysis studies between sustainability indicators and design variables. There is a need to have
a better understanding of the relationships and the influences between sustainability indicators and design variables to support the
development of algorithms in the model.
4. Make use of existing and generic life cycle data to connect with the
identified sustainability indicators, encompassing the possible use of
ML as a technique to build dynamic models to investigate hidden
correlation in lifecycle assessment data.
5. Investigate the use of ML in the sustainability assessment models with
the purpose to estimate the sustainability performances of numerous
variants of solutions within the constraints defined by the intervals for
each sustainability indicator. This could allow the identification of an
optimal solution from a sustainability perspective.
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ABSTRACT
A crucial issue in the design of aircraft components
is the evaluation of a larger number of potential
design alternatives. This evaluation involves too expensive procedures, consequently, it slows down
the search for optimal design samples. As a result,
scarce or small number of design samples with high
dimensional parameter space and high non-linearity
pose issues in learning of surrogate models. Furthermore, surrogate models have more issues in
handling qualitative data (discrete) than in handling
quantitative data (continuous). These issues bring
the need for investigations of methods of surrogate
modelling for the most effective use of available
data.
The thesis goal is to support engineers in the early design phase of development of new aircraft
engines, specifically, a component of the engine
known as Turbine Rear Structure (TRS). For this,
tree-based approaches are explored for surrogate
modelling for the purpose of exploration of larger
search spaces and for speeding up the evaluations
of design alternatives. First, we have investigated the

performance of tree models on the design concepts
of TRS. Second, we have presented an approach to
explore design space using tree models, Random
Forests. This approach includes hyperparameter
tuning, extraction of parameters importance and
if-then rules from surrogate models for a better
understanding of the design problem. With this
presented approach, we have shown that the performance of tree models improved by hyperparameter tuning when using design concepts data of TRS.
Third, we performed sensitivity analysis to study
the thermal variations on TRS and hence support
robust design using tree models. Furthermore, the
performance of tree models has been evaluated on
mathematical linear and non-linear functions. The
results of this study have shown that tree models
fit well on non-linear functions. Last, we have shown
how tree models support integration of value and
sustainability parameters data (quantitative and qualitative data) together with TRS design concepts
data in order to assess these parameters impact on
the product life cycle in the early design phase.
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