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Abstract

A multi-fidelity probabilistic optimisation method for the design of composite structures subjected to
thermomechanical loading is introduced in this work for the first time. The proposed multi-fidelity approach offers
considerable computation efficiency as well as sufficient accuracy, enabling probabilistic optimisation to include
more design variables in the early design phase. This approach incorporates both nonlinear information fusion
algorithms and multi-level optimisation to achieve increased accuracy and computation time savings. In this
optimisation process, a High-Fidelity Model (HFM) covers only a part of the entire design space with information
collected uniformly while providing high-fidelity information of other design spaces sparsely without causing
extra computational cost. Simultaneously, a Low-Fidelity Model (LFM) explores the whole design space to
compensate lack of high-fidelity information. In this manner, the number of high-fidelity information to construct
a multi-fidelity model is dramatically reduced. The Reliability-Based Design Optimisation (RBDO) demonstrated
the proposed multi-fidelity method of a mono-stringer stiffened composite panel under thermomechanical loading
using Gaussian Processes (GPs).

keywords: Multi-fidelity, Composites, Gaussian processes, Reliability-based design optimisation,
Thermomechanical load

1. Introduction

Innovative and sustainable technologies are associated with improvements in energy efficiency and reductions in
carbon emissions, due in part to the increased use of composite materials and the fundamental advantages that
they provide, namely their high strength and their lightweight. Structures using these materials are widely applied
to a vast range of engineering fields, such as aircraft, civil, and mechanical. In these structures, thermomechanical
loading may lead to a premature structural collapse when the structures are subjected to extreme environments.
For example, the consideration of thermal loading as well as mechanical loading is actively studied for the
composite aircraft design process as the demands for high-speed and lightweight aircraft are growing. Lightweight
structures are generally vulnerable to buckling under extreme environmental conditions; hence, it is essential that
thermomechanical buckling is taken into account at the design stage of composite structures. There will also be
uncertainties associated with the structures across their lifecycle, including uncertainties in design, manufacturing,
operation, etc. Currently, a major concern regarding composite structures is that their designs do not adequately
take into account these uncertainties, which may cause significant defects in their structural performance. These
uncertainties are currently considered through safety factors that can result in conservative designs. Probabilistic
design optimisation can answer this concern because this optimisation approach considers the uncertainties for
the entire lifecycle of structures. Specifically, RBDO is a primary type of probabilistic optimisation that enables
engineers to furnish more reliable designs through reliability analyses during the optimisation process. RBDO
aims to minimise the probability of failure so that the final design meets reliability requirements based on the
probabilistic characteristics of the design variables. Hence, RBDO focuses on the safety of structures when they
are exposed to catastrophic and extreme circumstances. Many research works have considered the thermal
buckling behaviours of composite and metallic structures caused by thermal expansions without considering
mechanical loading [1-5]. Despite this, few research works have studied the thermomechanical buckling
behaviours of composite structures, and they have applied deterministic optimisation methods that do not consider
uncertainties [6,7]. This research work presents a multi-fidelity probabilistic optimisation of composite structures
under thermomechanical loading for the first time.
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In the area of composite structures, RBDO is actively applied to consider different design uncertainties depending
on the optimisation objectives. Many research works highlight how different reliable designs rely on the
consideration of uncertainties compared with deterministic designs. The uncertainties commonly involve
mechanical properties and geometric parameters of structures associated with the design and manufacturing
process. Lopez et al. [8] proposed a new RBDO algorithm that combined reliability analysis with deterministic
optimisation process and demonstrated using a composite stiffened panel. Farokhi et al. [9] introduced a global
multi-objective probabilistic design optimisation approach, including reliability analyses of composite structures.
Chen and Qiu [10] developed a reliability assessment for composite laminate structures with correlated elastic
mechanical parameters that consider the correlations between different parameters. Sohouli et al. [11] investigated
efficient RBDO strategies of composite structures to decide materials and fibre orientation that minimise the cost
concerning their design variables. Carneiro and Antonio [12] highlighted a multi-objective optimisation approach
of composite structures to improve the accuracy of evolutionary optimisation algorithms. Scarth et al. [13] showed
that reliability-based composite designs provide significant reductions in the probability of failure while
deterministic composite designs show a higher probability of failure and standard deviations.

In general, a probabilistic optimisation process encounters inevitable significant computational challenges caused
by statistical calculations concerning the uncertainties. In particular, RBDO carries out reliability assessments to
obtain a prescribed reliability level, requiring a considerable number of computationally expensive simulations
such as Finite Element Method (FEM) simulations. Surrogate models have been widely used by different
probabilistic optimisation processes to address these computational challenges [14—16]. Although surrogate
models provide a certain level of computational gains, the computational cost is still the main obstacle to carry
out the RBDO of complex and large-scale composite structures. It is not surprising that even a single FEM
simulation in these problems is too computationally expensive to create surrogate models. To address this
challenge, multi-fidelity modelling approaches have drawn attention in engineering communities because it offers
substantial computational time savings compared to conventional single-fidelity surrogate modelling approaches.
This multi-fidelity modelling approach allows a high number of computationally economical LFM data points to
boost the accuracy of a small number of HFM data points, accurate but computationally demanding. In particular,
the multi-fidelity modelling approaches enable probabilistic optimisation to be conducted that accounts for the
uncertainties that conventional surrogate modelling approaches are still struggling with [17-19]. Traditional
multi-fidelity approaches using artificial neural networks and response surface methods require that HFM and
LFM have the same number of training points to construct correction response surfaces [20,21]. In contrast,
different multi-fidelity approaches allow HFM and LFM to carry different numbers of training points. They are
derived using GPs [22] and these approaches are combined with the linear autoregressive information fusion
scheme [23]. Forrester et al. [24] demonstrated multi-fidelity optimisation using co-kriging based on GP that
considers the correlation between different analysis levels. Perdikaris et al. [25,26] presented nonlinear
information fusion algorithms to capture nonlinear correlations in multi-fidelity modelling. The algorithm is based
on GP regression and a nonlinear autoregressive scheme to consider complex nonlinear correlations between
different fidelity models. Cutajar et al. [27] developed a multi-fidelity modelling method using a deep GP to
provide a more accurate multi-fidelity model with stochastic variational inference and layer-wise sparse
approximation to yield appropriate predictions under insufficient information observations. However, the multi-
fidelity modelling approaches for probabilistic optimisation developed so far request that the HFM and LFM
explore the same dimension of design spaces. This causes enormous computational cost when there are a lot of
design variables in large-scale problems. Although the space mapping method [28] enables the HFM and LFM to
have different design parameters in multi-fidelity formulations, this method has been used when the definition of
fidelity is determined by the physics of solvers [29,30]. Hebbal et al. [31] also incorporated the mapping between
different fidelity input domains into GP for multi-fidelity modelling. However, these mappings have not been
used in structural design optimisation when the definition of fidelity is the discretisation level of a FEM solver.

In this work, a novel methodology for the multi-fidelity probabilistic optimisation of composite structures under
thermomechanical loading is developed. The employed multi-fidelity formulation allows the HFM and LFM to
have different numbers of design variables during the optimisation process, improving computational efficiency.
Specifically, the HFM supervises only a small part of the entire design space, while the LFM supervises the entire
design space. The main contribution of this multi-fidelity formulation is that it allows the high-fidelity training
dataset to be sampled by different levels, such as dense and sparse. These different sampling levels enable the
proposed formulation to maximise the use of high-fidelity information without requiring extra expensive FEM
simulations and allow correlations to be more precisely calculated between the LFM and the HFM. Hence, this
multi-fidelity formulation can create more efficient and more accurate multi-fidelity models than other multi-
fidelity modelling approaches. A thermomechanical environment was considered to show the potential of the
proposed method that can carry out the probabilistic optimisation examining the correlation between HFM and
LFM under different loading conditions. The nonlinear information fusion GPs incorporates into the optimisation
process to calculate the correlation. Finally, the proposed methodology was demonstrated by its application to the
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RBDO of a mono-stringer stiffened composite panel under thermomechanical loading for the first time. The
accuracy and computational efficiency of this proposed method were assessed and compared to the accuracy and
computational efficiency of conventional surrogate modelling-based approaches and different multi-fidelity
modelling methods.

2. Probabilistic design optimisation under thermomechanical loading

Probabilistic optimisation aims to consider uncertainties associated with a structure’s lifecycle, such as
uncertainties in design, manufacture, operation, etc. In particular, RBDO evaluates the design constraints and
estimates the probability of failure to reach a more reliable design in a catastrophic condition. RBDO incorporates
reliability analyses into the conventional deterministic optimisation process. A general RBDO problem can be
mathematically formulated by

minimise F(d)
subjectto g;(d) <0 (i=1,-,n) (D)
P[G](d,x)SO]SPfJ (j=1,~',m)

where F is the objective function, g; is the deterministic constraint, G; is the j probabilistic constraint, d and x
are design variables and random variables, respectively. P[] is the probability operator and Py is the allowable
probability of failure.

RBDO in this work considers the uncertainties in material properties as well as geometric parameters. One
objective function is to maximise the panel's critical temperature changes under thermal loading followed by
mechanical shortening, while satisfying the constraint of reliability requirement, which is the targeted probability
of failure. The probability of failure can be estimated using different methods, such as Monte Carlo simulations
[32], Importance sampling [33], the first-order and second-order reliability methods [34] and full characterization
methods [35]. In this work, Monte Carlo simulations were used to carry out the reliability analyses because this
method generally offers not only accurate solutions but also the potential to conduct robust design optimisation
that is a different type of probabilistic optimisation. Monte Carlo simulations predict the probability of failure as
follows when N simulations are performed. The probability of failure reveals the prescribed reliability level
based on Py = ®(—f ) in which @ is the cumulative distribution function of the standard normal distribution [36].
_ Nrau

Py 2

Ntotal
where Nfg;; and Niyeq are the number of simulations leading to structural failure and the total number of

simulations, respectively.
3. Multi-level optimisation for multi-fidelity modelling

The developed multi-fidelity formulation adapts the concept of multi-level optimisation to improve computational
efficiency compared to other multi-fidelity methods. This adaptation ensures that the multi-fidelity formulation
can offer significant computational time savings while safeguarding the optimisation process against different
levels leading to information loss [37]. Multi-level optimisation presents a wide range of benefits when it comes
to large-scale optimisation problems. This optimisation approach separates a given large-scale optimisation
problem into several scaled-down problems [38]. The selection of levels and the associated design variables
depend on the problem characteristics. For instance, if the level is determined by numerical analysis methods, the
design variables should be defined by what the numerical solver requires [39]. In comparison, if the level is
defined by different objective functions, each level should take different design variables which deliver critical
impact [40]. The level can also be determined by different design approaches, such as preliminary and detailed
design [16]. This scaled-down process allows the large-scale problem to be divided by more than two levels of
design compromise regarding different selections of design spaces at each level. These levels provide the large-
scale problem, covering the vast size of design space, with benefits to computational efficiency. A typical multi-
level multi-objective optimisation process can be expressed as:
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Level 1

minimise fi(X) (i=1,2..1
subject to giX)<0 G=12..))
Re(X) =0 k=1,2,..,K)

xl(’“) <x < xl(U) (1=1,2..,L)

’ A3)
Level n

minimise fo(M) (0=1,2,..,0)
subject to gp(¥Y) <0 p=12..,P)
h(Y) =0 (=12 ..,0)

yT(L) <y, < yr(U) (r=12,..,R)

where X is the design variables, f; is the i*" objective function, g jis ] th inequality constraint, hy, is k" equality

constraint, and xl(L) and xl(U) are the lower and upper bounds for the [*" design variables in Level 1. Similarly, Y

is the design variables, f, is the o™ objective function, Jp 18 p*" inequality constraint, hg is q" equality

constraint, and xﬁL) and xﬁu) are the lower and upper bounds for the " design variables in Level n. It should be

noted that a subset of the objectives from one level can be used at a different one.

4. Multi-fidelity probabilistic optimisation framework

Multi-fidelity modelling, which blends an HFM and an LFM using proper correction methods, has been
introduced in this work to address the computational challenges of probabilistic optimisation. Since conventional
multi-fidelity modelling approaches involve the HFM sharing the same dimension of design spaces with LFM,
the computational cost of such methods is high. This means that the HFM calls for the same number of training
points as the LFM to build response correction functions. It should be noted that even mesh generation for the
HFM, which depends on changes to geometrical random design variables, can lead to high additional
computational costs in large-scale problems. A new multi-fidelity probabilistic optimisation approach to
supervising different design spaces between the HFM and the LFM is developed to mitigate the computational
cost in this work. This proposed multi-fidelity approach begins with the critical idea about how to maximise the
use of low-fidelity information and minimise the use of high-fidelity information. The number of training points
to approximate the response surfaces relies on the dimension of design spaces. When the HFM has a smaller
number of design variables and the LFM has all design variables, the computational cost to create the multi-
fidelity model can be significantly reduced. In particular, the multi-fidelity approach is integrated with multi-level
optimisation to manage large-scale problems. Yoo et al. [37] have suggested a multi-level multi-fidelity
optimisation approach. The multi-level multi-fidelity formulation separately creates two surrogate models of the
HFM and the LFM with different numbers of design variables. This formulation is combined with the robust
design optimisation of composite structures under the nonlinear post-buckling regime without considering the
correlation between the two different fidelities. In this work, the proposed multi-fidelity optimisation approach
extends the application area to thermomechanical problems while considering correlations between the HFM and
the LFM.

4.1. Nonlinear Auto-Regressive Gaussian Process for probabilistic optimisation

In this work, Nonlinear Auto-Regressive Gaussian Process (NARGP) [26], which can address the nonlinear
correlations between fidelities, is considered. The NARGP is derived from a combination of GP regression and
autoregressive stochastic schemes. The Auto-Regressive GP (denoted by AR) is extended by the GP regression
to construct probabilistic models covering different fidelity information, such as HFM and LFM, as follows [23].

fur(x) = pfir(x) + 6(x) 4)

where fyr and f; are GPs created using the training datasets of the HFM and LFM, respectively. They are usually
assigned a zero mean prior f~GP( f]0,k(x,x";0)). k is a proper covariance function defined using hyper-
parameters 6 that produce a covariance matrix, K;; = k(x;, x;; 8), between different input data (x;, x;). These
hyper-parameters are obtained using the maximum-likelihood estimation [22]. p is a scaling constant factor that
describes the correlation between the outputs of HFM and LFM. § is a GP representing the difference between

pfir(x) and fyp(x).
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The NARGP is developed to allow the multi-fidelity model to capture the response surfaces when the correlations
between the HFM and LFM are nonlinear. The NARGP maintains AR's structure but substitutes the GP posterior
of low-fidelity predictions, f,;(x), with the GP prior f;. The principal significance of this nonlinear fusion is
that § (x) in equation (4) incorporates gy as follows.

fur(X) = gur (%, furr (%)) (%)

where gyr~GP(fyr|0, kHFg((x, Ffurr (), (¢, furr (X"); Oyp)) is a GP that is characterised by a covariance kyr,
of low-fidelity predictions between different input data (x, x").

In particular, the covariance, ky Fy»> 1O consider precise correlations between different input data is broken down
as:

kur, = kur, (x, x'; GHFP) ) kHFf(f*LF(x)'f*LF(x’); QHFf) + kypy (%, x5 O ) (6)

where kHFp, kyg - and kyp, are the covariance functions of scaling factor, function value from low-fidelity GP
model and difference between two different data, respectively. Oy, Oyr 5 and Oy are the hyper-parameters of

each covariance function.

The covariance, kHFg , enables gyr(x, fi r(x)) to cooperate with the posterior f,;r based on low-fidelity

information to capture the response surface of the HFM correctly. In this manner, the posterior distributions from
the multi-fidelity model are the predictive mean, pi,,,r(x,), and variance, 63,z (x,). They are calculated using
Monte Carlo simulation that is expressed by:

P(fenr (%)) = p(fur (Xs, firr O firrs X0 Yur, Xur)

7
= f PFur (X forr CONYup Xup, x.) p(forr (x.))dx., M
where x, is a new test point, fr is the GP of the multi-fidelity model, f,; is the GP model of the LFM, y and
xyr are the high-fidelity training (input/output) data points.

The multi-fidelity model, which provides the predictive mean, p, 7 (x.), is incorporated into the proposed multi-
fidelity probabilistic optimisation framework.

4.2. Multi-fidelity modelling formulation description

The main idea of this multi-fidelity formulation is that the HFM and LFM explore different dimensions of design
space. Simultaneously, the formulation allows both models of different fidelities to cooperate using data fusion in
a probabilistic optimisation process.

4.2.1. Sampling strategy

As shown in Fig. 1, the formulation maximises the use of the LFM while providing precise corrections using a
small number of high-fidelity training data points. Here, the HFM concentrates on the design spaces of few
selected variables at each probabilistic optimisation level. In order to facilitate this purpose, an effective sampling
strategy has been employed in this work that the principle is based on standard filling sampling strategies such as
uniform random sampling or Optimal Latin Hypercube Sampling (OLHS). In general, these space-filling
strategies are typically implemented to create a multi-fidelity model due to their nature offering evenly distributed
training data points without gaps or clusters in the whole design space. It is not surprising that the performance of
multi-fidelity models relies on how to collect the training data points using an appropriate sampling strategy.

Fig.1 illustrates the effective sampling strategy consists of different sampling degree to obtain the training data
points, including dense and sparse sampling. Each sub-figure shows a plan view of distribution relying on different
design variables. Fig.1 (a) presents the distribution of the dense sampling for the selected design variables in the
HFM, Hy in Table 1, which refers to collecting evenly enough distributed training data points to embrace the
design space of Hy. It should be noted that traditional multi-fidelity modelling methods exploit the training
datasets sampled as dense as possible. In comparison, Fig.1 (b) and (c) display the distribution of the sparse
sampling for other design variables in the HFM, Hg in Table 1, which does not thoroughly cover the design space
with a biased distribution caused by the insufficient number of training data points. Still, it can provide scarce
information within the same sampling size for Hy. Standard regression methods, including GP or artificial neural
networks, commonly require the number of training data points ten times more than the dimension of design space
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[41]. For example, if there are three design variables in a structural optimisation problem in Fig.1, the number of
training data points, also called the dense sampling in this work, should be at least thirty.

This sampling scheme offers a launchpad for the multi-fidelity formulation to reduce the high-fidelity FEM
simulations compared with other multi-fidelity modelling methods. Consider the illustrative example with three
design variables in Fig. 1. The HFM focuses on only two design variables (Hy = [X1,X2]). In that case, the
number of high-fidelity training data points is significantly reduced because they cover two-dimensional design
space. Another design variable (Hg = [X3]) not selected in Hy is randomly sampled within the number of training
data points for Hy, and then added to the high-fidelity training dataset. This allows the high-fidelity training dataset
to provide the dense information of the selected design variables, Hy, as well as sparse information of other design
variables, Hq, without causing extra computational cost. In the meantime, the LFM exploring the entire design
space in Fig.1 (d), (e) and (f) collects enough information as dense as possible to obtain a good quality. The low-
fidelity training dataset shares the high-fidelity training data points, as displayed by a blue box in those sub-figures.
This allows the NARGP to calculate the correlations using these constructed high- and low-fidelity training
datasets based on equation (6). Then, it creates the multi-fidelity model using equation (5), which can predict
output responses, i, r(x,), concerning the variation of design variables correctly. It should be highlighted that
the number of high-fidelity training data points in this sampling strategy becomes a lot less than thirty, which the
traditional methods require.

(a) HFM: X1 - X2

HFM design space
Dense sampling for few design space
Sparse sampling for other design space

(d) LFM: X1 -X2 Examine all design

spaces to fill the X3
information loss " u
n
|
| | - .
- |
X1 - X2 n "
(c) HFM: X2 - X3
-
|
X3 . . Sparsely distributed HF . " .
. N information for NARGP to a "
. © e calculate correlations o -
. n
X1 XZ
TV R LFM design space
2ee oy D ling for all desi
> ."o . ense sampling for all design space
03 s
Ve g
Fig. 1. Concept of the proposed multi-fidelity modelling approach
4.2.2. Workflow

This section describes how to construct a multi-fidelity model and it introduces the developed multi-fidelity
probabilistic optimisation framework. Table 1 is the summary of the workflow that the multi-fidelity modelling
formulation constructs the multi-fidelity model using the sampling strategy, and then Fig. 2 shows the optimisation
framework using the constructed multi-fidelity model. The first level of probabilistic optimisation begins with

selecting m design variables in the HFM, H((il) = [x(l), e x(m)] in the table, and the training data points for this
Hg) should be sampled as dense as the NARGP can represent the response surfaces of Hg)accurately. The selected
design variables, m (m < n), are chosen by the designer’s decision from all design variables, n, depending on

the problem size. This enables the NARGP to require a smaller number of high-fidelity training data points
compared with different multi-fidelity modelling methods considering all design variables in the HFM. It should
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be noted that this selection does not influence the final design solution of the optimisation problem since the multi-
fidelity model embraces the entire design space using the LFM consistently. Other design variables in the HFM

are defined by Hgl) =[x+, ... x™] and they are not selected in Hg). The training data points for Hgl) is

randomly collected within the sampling size for Hg) using the sparse sampling to preserve the size of the high-
fidelity training dataset. Then these two sampling sets comprising different sampling degrees are combined as a
high-fidelity training input dataset for the first level of probabilistic optimisation. At the same time, low-fidelity
training data points for the LFM having n design variables, Lg) = [xW,x®, .., x™], are also sampled using the
dense sampling to embrace the entire design space completely. Then, two training output datasets corresponding
to the high- and low-fidelity training input datasets, respectively, can be constructed using a proper numerical
solver (Abaqus CAE in this work). The NARGP creates a multi-fidelity model for the first level of probabilistic
optimisation using the two high- and low-fidelity training input/output datasets. Fig.1 highlights that the multi-
fidelity model based on the sampling strategy can provide the correct solutions of H((il) during the first level of
probabilistic optimisation process since it is made up of enough high-fidelity training data points using the dense
sampling. Simultaneously, the multi-fidelity model examines all design variables’ solution spaces using both the
sparse high-fidelity training data points for Hgl) and the dense low-fidelity training data points for L(;). When the
first level of probabilistic optimisation discovers the optimal solutions, the multi-fidelity model for the second
level should be comstructed using H{" = [2m*D ... 2®] | H = [fWD,.. 2®] and 1" =
[£m+D), ... 2] followed by updating the HFM and LFM with the optimal solutions of the first optimisation
level, as described in Table 1 and Fig. 2.

As shown in Fig.1, the cooperation between the HFM and LFM enables a multi-fidelity model to embrace the
entire design space without a lack of information during the probabilistic optimisation process. Notably, the
structure of the NARGP constructs a multi-fidelity model when the training dataset of HFM is a subset of the
LFM training dataset. The main contribution of this multi-fidelity formulation is that the HFM focuses on only a
small part of the entire design spaces to reduce the sampling size for the high-fidelity training dataset. The HFM
also provides sparsely the high-fidelity information of other design variables, HS) , while avoiding the requirement
of extra high-fidelity FEM simulations. This enables the NARGP to calculate the correlations precisely between
the HFM and LFM based on the sampling strategy to construct the accurate multi-fidelity model. Also, the low-
fidelity training dataset using the dense sampling complements the lack of information led by the insufficient

high-fidelity information of H".

Next, the multi-fidelity probabilistic optimisation framework using this proposed multi-fidelity modelling
formulation is illustrated in Fig.2. Note that the optimisation framework consists of k levels that correspond to
how many high-fidelity design variables are organised by the designer. For instance, when the high-fidelity design
space is grouped by Hg) and Hgm, the optimisation process has also two levels. Once the NARGP creates the
multi-fidelity model using the sampling strategy and the training scheme, the first level of probabilistic
optimisation is conducted using the predictions, u,r(x,), offered by the constructed multi-fidelity model. The
optimal solutions, ﬁm, of the selected design variables in the HFM, H(D, are found. The design variables,
[x(l), ,x(m)], of both the HFM and LFM are updated by the optimal solutions, X = [ﬁg), f.g)], where f.g)
represents the optimal solutions of other design variables in the LFM, [x m+1) ... x(")]. The design variables in

ﬁg) are fixed and not considered in the second level since their optimal solutions come from the high-fidelity

training dataset using the dense sampling. Then, different design variables for the second level, Hc(im =

[£m+D), ... 2] where (I < n), are selected. The choice of the HFM’s design variables should not necessarily
follow any particular sequence because the LFM embraces the whole design space at all times. During the second
level of probabilistic optimisation, the optimisation algorithm finds the optimal solutions, Fléll) and Egl), of the

design variables, Hén) and L(C{D, using a new multi-fidelity model constructed for this level. These multi-fidelity
modelling and probabilistic optimisation process are continued until Level k terminates, which means all optimal
solutions are found.

The LFM does not require extra FEM simulations to build up a new training dataset for the next level. This can
provide additional computational gains compared to the multi-level multi-fidelity method that should establish
the low-fidelity training dataset for each level [37]. It is not surprising that even low-fidelity FEM simulations can
cause a computational burden when a problem is complex and large-scale. It should be highlighted that the
proposed method seeks to harness most of the advantages of multi-fidelity modelling as well as deal with the
nonlinear correlation between different fidelity models using nonlinear data fusion GPs. In particular, this method
enables the probabilistic design optimisation to broaden its area to the design of composite structures under
thermomechanical loading.
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Table 1. Multi-fidelity modelling formulations

Optimisation

HFM LFM
level
Dense
Designand  gampling HE‘D =[x®, ., xM] m<n Lg) =X=[xW,x®, ... x™]
random Sparse
i I
variables sampling Hg) = [xm+D ... x()]
Level Number of Qesign and n
random variables (all variables)
Optimal solutions at =D . . ~D) . .
Level I Hy' = [x(l)'...‘x(m)] Ly = [x(m“),"-,x(")]
Updated HFM & LFM X = [ﬁg),,’g(mﬂ)' e, 200
Dense HY = [gm+D ... 20] 1 <n
. : d e X, (D _ roGm+1) ... o)
D . L =[x ,o, X
esignand  sampling Hgl) is fixed. a =1 ]
random 5
variables parse 11 o o
sampling Hg )= [£0HD, ..., 2]
Level IT Number of design and

random variables

Optimal solutions at
Level II

ﬁgl) _ [f(m+1),.“‘f(l)] Egl) — [J?(HI)‘...‘f(n)]

Updated HFM & LFM

X = [ﬁg), ﬁ((i")‘ gD .. z00)

Find the Hém)and Lgu) using the same manner.
A and A are fixed at this level.
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* Define HFM and LFM using a mesh convergence study
* Clarify accuracy and computation cost

Finite element modelling j

]
h 4
Establish a group of design and random variables

» HFM supervises a subset of the entire design spaces
* LFM covers the entire design spaces

Design of experiments

|<l

* krefers to the level of optimization
.. . (k)
* Sample the plenty number of training points for Hy
and the same number of training points for Hgk)
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.. . (k)
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L 4 ~

Probabilistic optimisation Multi-fidelity modelling
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Haomr(x.) sampled data
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using Monte Carlo simulations using NARGP

+ Update the model using ﬁ‘(ik) and i,slk) * Evaluate pt,yr(x.) and 6%y p(x.)

| ]

h 4

Complete the optimisation process

* Find the optimal solutions after k # optimisation level

* Compare the accuracy and computation efficiency with
conventional surrogate modelling and different multi-fidelity
methods

Fig. 2. Multi-fidelity probabilistic optimisation framework

5. Numerical demonstration on a composite structure

The proposed multi-fidelity probabilistic optimisation framework was demonstrated by the RBDO of a mono-
stringer stiffened composite panel under thermomechanical loading. This demonstration shows the potential of
the developed method to be utilised for the probabilistic optimisation of large-scale composite structures under
both mechanical and thermal loading. The proposed multi-fidelity method's computational efficiency was
highlighted through comparisons with other multi-fidelity models as well as conventional high-fidelity surrogate
models.

5.1. Mono-stringer stiffened composite panel under thermomechanical loading

Fig. 3 illustrates the details of a mono-stringer stiffened panel that comprises the skin and the stringer having the
same mechanical properties (E; 4, E,,=E33, G5, G1,=G3, @y, and a,,). The skin geometry is length L and width
W. The stringer geometry consists of X1, X2, X3 and X4 being the foot, height, horizontal distance between top
and bottom, and top, respectively. It should be noted that only the stringer geometry is to be optimised, while the
optimisation process considers the uncertainties of mechanical properties of both the stringer and the skin. Table
2 describes the details of dimensions and material properties of this composite panel. The panel is clamped at both
ends, while the left-hand end is free to move in the longitudinal direction (x-direction in Fig 5.1). There are no
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constraints on the two longitudinal edges of the skin. Perfect bonding is assumed between the stiffener and skin
to consider their interaction.

The composite panel was optimised under thermomechanical loading, under which the panel is subjected to both
mechanical load and thermal load. In this work, the order of load application is mechanical shortening first and
then temperature rising [6]. As shown in Table 3, the composite structure's critical temperature changes
dramatically due to the residual stress depending on the length of mechanical shortening. Technically, the force
and the moment resultant vector derived from thermo-elastic anisotropic stress-strain relationship can be
expressed as [42]

{ﬂ—i} :ng g td _{1\1\/11_23 (8)
(Nar, Mpr) = Z ka [Qli{a}(1,2)AT dz ©)
k=1"%k-1

where the laminate stiffness is defined as ([A], [B],[D]) = Xr=1 fzzkk_l(Q_I])k(l,z, z%)dz with (i,j = 1,2,6).

[A], [B] and [D] are extensional, bending-extension coupling and bending twisting coupling matrices, respectively.
€ and k are the in-plane strain vector and curvature strain vector, respectively. {N,r} and {M,1} are the thermal
forces and thermal moment induced by the temperature changes AT, respectively. [Q] is the transformed stiffness
coefficients and {a} is the coefficient vector of thermal expansion for a single lamina concerning the in-plane

coordinate system.

The eigenproblem for the thermomechanical buckling analysis can be obtained using the principle of virtual work
as follows:

([K] = AlKarD{®} = {0} (10)

where [K] is the mechanical stiffness matrix and K,y is the thermal stiffness matrix. A and {®} are the critical
temperature change and buckling mode shape, respectively.

Fig. 4 shows the thermomechanical buckling results for a mono-stiffened stringer panel having the mean geometry
values at the design space. Table 3 shows that the thermomechanical buckling occurs in the vicinity of 95°C,
which is the normal operating temperature range of regional aircraft when the shortening length is 0.3mm
(AL/L = 0.05%). In this work, the thermomechanical buckling temperature refers to the maximum critical
temperature change followed by the shortening, AL/L = 0.05%. The class of fidelity was decided by the level of
FEM discretisation. Fig. 5 illustrates the mesh grid of both the HFM and LFM, the element size was defined as
4.0mm and 12.0mm, respectively, through a mesh convergence study for the thermomechanical buckling
temperature. It should be highlighted that the LFM shows around 15% error while demonstrating a computational
cost of only about 30% compared to HFM. The FEM models are composed of four-node shell elements (S4R).

>

Fig. 3. Mono-stiffened stringer composite structure
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Table 2. Details of the composite structure

Parameters Symbol Value
Longitudinal modulus of elasticity Ell 139.0 GPa
Transversal modulus of elasticity E22=E33 8.1 GPa
Poisson’s ratio v 0.33
Out-of-plane shear modulus GI12=G13 3.1 GPa
In-plane shear modulus G23 4.8 GPa
Longitudinal thermal coefficient @4 1.7 X E~%/°C
Transverse thermal coefficient ay, —1.0 X E7%/°C
Skin and stringer thickness t 0.184 mm
Skin and stringer layup [45/-45/0/0/90/0]s
Panel length L 600.0 mm
Panel width w 250.0 mm

Table 3. Critical temperature changes the mono-stiffened stringer composite structure using FEM

Mechanical loading (mm) 0 01 02 03
Critical temperature changes (°C) 407 303 200 94.9

(a) Mechanical shortening (b) Temperature rise

Fig. 4. Out-of-plane displacement of composite structures

Fig. 5. 4 mm mesh size for HFM (left) and 12 mm mesh size for LFM (right)

5.2. Multi-fidelity modelling

A multi-fidelity model using the proposed formulation is constructed to carry out the probabilistic optimisation
of composite structures under thermomechanical loading. The input parameters of the multi-fidelity model are the
mono-stiffened stringer geometry (X1, X2, X3 and X4) in Fig. 3 and the mechanical properties of the composite
structure (E; 4, E;5,=E33, Go3, G1,=G13, @1 and a,,) in Table 2. These input parameters are defined as design and
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random variables that are used for optimisation and reliability analysis, respectively. In this work, the design
variables are geometry parameters whereas the random variables are both geometry and mechanical properties.
Outputs are the critical temperature change and the mass of the composite structure. This multi-fidelity model
having ten input parameters and two output parameters is constructed using both HFM and LFM covering different
design spaces. As mentioned before, the NARGP quantifies nonlinear correlations between different fidelities to
create an accurate multi-fidelity model.

Firstly, the training datasets for HFM and LFM should be sampled using OLHS technique that is a sampling
technique to collect training data in a given design space as evenly distributed as possible. Table 4 shows ten input
parameters having each design range that consist of four geometric parameters and six mechanical properties. The
geometric parameters mostly influence the output of the composite structure. At the same time, they have
uncertainties associated with design and manufacture that could considerably affect the structure's performance.
Apart from these geometric parameters, the uncertainties of the mechanical properties should be considered as
well. Table 5 clearly shows how the multi-fidelity model is constructed using two different fidelity models that
explore supervise different design spaces at each level. The number of FEM simulations are also shown in the
table. As mentioned in the previous section, the HFM covers only a part of the whole design space as dense as the
sampled high-fidelity dataset can precisely examine the response surfaces of the selected design variables, X1 and
X2 in this work. When the HFM at the first level focuses on the two design variables, ten training data points are
enough to create the metamodel concerning these design variables accurately. The same number of training data
of other design variables should also be sampled sparsely and added to the high-fidelity training dataset. Although
the number of ten training data points is not sufficient to set up other design variables' metamodel, it allows the
NARGP to use the high-fidelity information as much as possible in the given training dataset without causing
extra high-fidelity FEM simulations. In contrast, the LFM, because it supervises all design variables, requires
sixty training data points to supplement the lack of other design variables’ information that is not included in
HFM. This training dataset embraces the response surfaces of all design variables as solidly as possible. Once the
NARGP constructs the multi-fidelity model, error analysis should be conducted using a test dataset that uses
points that are not included in the training scheme. The created multi-fidelity model at each level predicts the
critical temperature change and the mass with less than 1.5% error in the given design spaces.

When the multi-fidelity model completes the first level of optimisation, this multi-fidelity model provides the
optimal solutions of the two selected design variables in the HFM as well as corresponding values of other design
variables in the LFM. These optimal solutions update the HFM to choose different design variables that are not
considered at the previous level. The LFM is also updated by those optimal solutions that enable a smaller number
of design variables than the first level. The corresponding values obtained by the LFM update other design
variables that are not considered in HFM. After updating two models, HFM chooses new design variables, X3
and X4, as shown in Table 5. Then, ten new training data points that can correctly establish the chosen design
variables' response surfaces are sampled using OLHS as densely as possible. Simultaneously, the same number
of training data points of other design variables are also collected sparsely to build up an efficient high-fidelity
training dataset. It is not surprising that the LFM at the first level is still precise enough to carry out the next level
optimisation since it is made up of sixty training points. This means the LFM requires only ten additional low-
fidelity FEM simulations that are identical to the training data of HFM for this level since the high-fidelity training
dataset should be a subset of low-fidelity training dataset. Fig. 6 highlights how HFM and LFM cooperate using
different sampling levels in different design spaces when X1 and X2 are selected as HFM’s design variables. The
high-fidelity training dataset is evenly distributed using the small number of training points in the design space of
X1 and X2. However, it does not seem that the rest of the design spaces, X3 and X4, are scattered uniformly in
the high-fidelity design spaces. The low-fidelity training dataset carefully covers the whole design space without
information loss dissimilar to the high-fidelity design spaces. It should be highlighted that this multi-fidelity
scheme enables the size of the high-fidelity training dataset to decrease while embracing the entire design space
with sparsely distributed high-fidelity information as well as dense low-fidelity information. It should be noted
that conventional surrogate modelling approaches require hundreds of training points to consider all design and
random variables. Some multi-fidelity modelling methods also demand a significant number of high-fidelity
training data points because HFM encompasses the same design spaces as the LFM. The proposed multi-fidelity
modelling methodology provides significant computational time savings compared with other multi-fidelity
methods and enables probabilistic optimisation to broaden its application area to large-scale composite structures
under thermomechanical loading.
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Table 4. Design and random variables

Design of experiment input data

Value

Stringer foot (mm)

Stringer height (mm)

Distance between top and bottom (mm)
Stringer top (mm)

Eu (GPa)

344 < X1 <516
24.0 < X2 < 36.0
12.0 < X3 < 18.0
20.0 < X4 < 30.0
111 < E;, < 167

Ex=Es; (GPa) 65<E,, <98
G12=G13(GPa) 38<G,, <58
G23 (Gpa) 2.5 < 623 < 3.7
a1 (/°0) 1.36E7% < a;; < 2.04E7°
azz (/OC) _1.2E_6 < 0.’22 < _O.8E_6
Table 5. Details of the multi-fidelity models
Scatter HFM LFM
Level degr'ee.: of Design and random Number of Design and random Number of
Training . FEM . FEM
variable . . variable . .
data simulations simulations
X1,X2,X3,X4,E,4,
Dense X1,X2 E,, = E33,Gy3,
Gyp = Gy3,Q33, Apy
1 X3, X4 Eyy, 10 60
Sparse E,; = E35,Gys, -
Gyp = Gy3, Q33, Apy
X3,X4,E,,,
Dense X3,X4 E,, = E33,Gy3,
1I 10 Glz = 613, 0.’11, 0.’22 10
E 1, E,, = E33,G
Sparse 11, E22 33, Uz3
P Gyp = G333, Ay
High-fidelity space Low-fidelity space
» - I ® T
@S r : & : ~ : ..
X1 e X1 "
1 E3
I u rs ‘
1 . %
i . .
B | X2 » ¢ .
1 - % s
ﬂl 24
X3 - I A
X4 X4 R PR
X1 X2 X3 X1 X2
Fig. 6. Training data distribution between HFM and LFM
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5.3. Reliability-based design optimisation

RBDO, a type of probabilistic optimisation, was conducted to demonstrate the efficiency and accuracy of the
multi-fidelity model constructed using the proposed formulation. In this example, geometric nonlinearities were
considered, while the material properties were presumed to be in the linear elastic region.

5.3.1. Problem definition

Table 6 describes the description of the RBDO problem of the mono-stiffened stringer composite structure under
thermomechanical loading. There are four constraints and three objectives. Since this proposed multi-fidelity
optimisation approach aims to cooperate with HFM and LFM exploring different design spaces, each fidelity
model has its constraints and objectives in the optimisation process. They carried typical mass constraints but
different constraints regarding minimum critical temperature changes based on the definition between the HFM
and LFM. The reliability index was targeted by the associated value with the probability of failure, 0.135%. The
objective functions were to maximise the critical temperature changes and minimise the mass of the composite
structure. It should be highlighted that the composite structure should be under thermal condition followed by the
certain mechanical shortening, 0.05 % regarding the longitudinal direction, to include the effect of residual stress.

The discretisation level of FEM models for the HFM and the LFM were defined through a mesh convergence
study. It should be noted that the LFM shows 15% solution error compared to the HFM whilst offering a 70%
reduction in computational cost. The design spaces of geometric parameters and material properties are the same
as the range of design of experiments in the previous section. As shown in Fig. 7, the optimisation was conducted
using NSGA-II [43], a multi-objective exploratory technique. This optimisation method is suitable for highly
nonlinear design spaces as well as discontinuous design spaces. The method follows the standard genetic operation
of mutation and crossover, but the selection process is based on different mechanisms to construct a Pareto set
with the best combination of objective values. Generation and population numbers were determined by 12 and 20,
respectively, to find optimal solutions correctly. These values were obtained using the convergence check of
Pareto front depending on different combinations. In particular, the reliability check to consider the design
uncertainties of random design variables is essential in this optimisation process. The uncertainties associated
with geometric parameters are commonly assumed by a 0.1% coefficient of variation concerning its mean values
as manufacturing tolerance. The uncertainties of mechanical properties are assumed by a random normal
distribution with 5% coefficient of variation [9]. All input parameters are presumed to have a truncated Gaussian
distribution at three standard deviations. The reliability assessment should be conducted at all populations of each
generation. Monte Carlo simulation computes the statistical characteristics of the objective functions, which are
induced by the uncertainties of random design variables. Sobol sampling method was incorporated into the Monte
Carlo simulation to obtain more homogeneous sampling distribution as well as more robust statistical estimations
than other sampling methods [44]. It should be noted that the maximum allowable number of multi-fidelity
simulations to check the probability of failure was set to 2,000. The convergence tolerance check was carried out
at every 25 sampling points to improve the computational efficiency. The Monte Carlo simulations was halted
when both mean and standard deviations satisfy 0.1 % difference with these associated values at the previous
convergence test. Hence, the maximum simulation number using the developed multi-fidelity model was 480,000
for the two levels in this RBDO process.
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Table 6. Reliability-based design optimisation - problem definition

Description Value
Multi- HFM Mesh size: 4.0 mm
fidelity .
model LFM Mesh size:12.0 mm
imisati Generation: 12
Optimisation NSGA — 11 '
method Population: 10
gr;lysw Monte Carlo simulations Sobol samples: 2000
Mean Standard deviation

X1 0.001 x X1

X2 0.001 x X2

X3 0.001 x X3
Desi X4 0.001 x X4

esign

uncertainty Ey 0.05 X Eyy

E,, 0.05 X E,,

Gy, 0.05 X G,

Gy 0.05 X G,3

aqq 0.05 X a4

ay, 0.05 X ay,
Constraints mass m < 1kg
under 0.05% HFM AT, ATerupm 2 50 °C
mechanical LFM AT,, AT, 1y = 57.5°C
shortening Reliability index B =3
Objectives Mean mass Minimise

0,

under 0',05 % Mean HFM AT, Maximise
mechanical
shortening Mean LFM AT, Maximise

NSGA-II

Reliability analyses

Sobol Multi-fidelity
sampling modelling

uncertainty

Fig. 7. Multi-fidelity RBDO framework

5.3.2. Results

Table 7 represents the RBDO results using the proposed multi-fidelity formulation. This table demonstrates how
the multi-fidelity model enables cooperation between two different fidelity models and improves its accuracy at
the end of each level. In the table, the HFM has two different sampling degrees of training data, while LFM is
sampled densely as it can produce the response surfaces for all random design variables. At the first level, the
HFM carries two design variables, X1 and X2, while LFM has all the random design variables. At the same time,
the HFM takes other two design variables, X3 and X4, and six random variables of material properties as a form
of sparsely scattered training data that allows the LFM to quantify correlations among all variables. Both the HFM
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and LFM share the selected design variables of X1 and X2 during the first level of the optimisation. As shown in
Fig. 8, this enables the multi-fidelity model to scrutinise the solution spaces of other design variables
corresponding to those of the selected design variables. When the first level finds the Pareto front satisfied with
the objectives and constraints, the optimal solutions should be chosen by the designer’s decision. In this work, the
optimal solutions were chosen by the allowable temperature range associated with the regional aircraft operation,
known from -45°C to 85°C. The chosen optimal solutions at the first level updates the multi-fidelity model before
the next level. The optimal solutions of X1 and X2 are good enough to be fixed at the next level because they are
obtained by dense high-fidelity information. It is not surprising that the corresponding optimal solutions of the
LFM at the first level can update other design variables, X3 and X4, that are not included in HFM. Hence, this
update enables the HFM to take different design variables that are collected as densely as possible. In the same
manner, as the first level, this updated HFM carries different design variables, X3 and X4, while the information
of six random variables is also included sparsely. The LFM is updated by the optimal solutions of X1 and X2,
while in HFM takes all random design variables except for the fixed X1 and X2. When this level is finished, the
final solution is obtained because there are two levels in this example.

Fig. 9 illustrates the Pareto fronts of the optimisation results at each level. The Pareto front of the first level is
associated with the selected design variables that HFM mainly supervises for the optimisation process, while LFM
compensates for the lack of high-fidelity information. The second level’s Pareto front has a small range since the
optimal solutions in the first level’s Pareto front updates the multi-fidelity model. It should be highlighted that the
second level examines the solution spaces thoroughly based on the chosen solution of the first level and discovers
more reliable and better solutions compared to those of the first level. As can be seen in the figure, the Pareto
front points at the second level rise to the upward direction and fill the gap in the solution space left from the first
level. The figure also includes the Pareto front found from a conventional surrogate modelling approach, which
is called super HFM in this work, to highlight how accurate the proposed multi-fidelity method is. The super HFM
consists of 150 high-fidelity FEM simulations to correctly resemble ten random design variables' response
surfaces. This figure shows that the Pareto front of the super HFM is nearly identical to that of the multi-fidelity
model.

Table 8 displays the mean value and standard deviation of the chosen optimal solutions so that the results of
reliability assessments are compared between the multi-fidelity model and the super HFM. It should be noted that
the optimal solution of the super HFM is selected as having the same mass as the chosen optimal solution of the
multi-fidelity model. The multi-fidelity model has almost the same mean value and acceptable standard deviation
as those of super HFM. It is also significant to assess the accuracy of the multi-fidelity model as the solution of
HFM created by the equivalent number of high-fidelity FEM simulations. There could be no advantages of the
proposed method unless the multi-fidelity model constructed by the same computational cost is more accurate.
Table 5 shows that the multi-fidelity model is made up of 20 HFMs and 70 LFMs that equate to 40 high-fidelity
FEM simulations. Fig. 10 features the accuracy among three different models: the multi-fidelity model, super
HFM and equivalent HFM (HFM40). In this figure, the multi-fidelity model's mean value is much closer to the
super HFM than that of HFM40, while having the standard deviation similar to the super HFM. This means that
the reliability assessments of the proposed multi-fidelity method are more accurate than the equivalent number of
high-fidelity FEM simulations in terms of computation time. As the NARGP is incorporated into the multi-fidelity
formulation, the constructed multi-fidelity model has a black-box structure between input and output parameters.
The chosen optimal solutions should be checked to show if the solutions make sense using proper techniques,
such as a FEM solver or an experiment. Table 8 shows the critical temperature change using the multi-fidelity
model is nearly the same as that of the FEM solver. It should be remarked that the accuracy of the multi-fidelity
model is more accurate than that of the super HFM at this design point.

The vast benefit of multi-fidelity modelling methods is that they can reduce the significant computational cost
caused by the consideration of uncertainties during the probabilistic optimisation process. Fig. 11 represents the
computational time savings of the proposed multi-fidelity method compared to different probabilistic optimisation
methods. All computational costs in this figure are normalised by the total computational cost of the super HFM
so that the computational gains are emphasised in a practical way [19]. The proposed multi-fidelity model is
constructed using both 20 HFM training points and 70 LFM training points. The equivalent computational cost
equates to about 40 high-fidelity FEM simulations because the computational cost of LFM is 70% more
economical than HFM’s cost. In contrast, the super HFM requires 150 high-fidelity FEM simulations. It is not
surprising that the proposed multi-fidelity optimisation method provides around 75% of computation time savings.
However, it is more significant to show how much of computation time savings are obtained by the use of this
new method compared with different multi-fidelity methods. Traditional multi-fidelity methods [18] construct a
multi-fidelity model using both 60 HFM training points and 60 LFM training points because two different fidelity
models have the same number of design variables. The equivalent high-fidelity FEM simulation number to this
model is around 80, which is twice more computationally expensive than the proposed multi-fidelity method. This
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proposed multi-fidelity method is still more efficient than the multi-level multi-fidelity modelling approach
developed before [37]. The multi-level multi-fidelity approach uses both 20 HFM training points and 110 LFM
training points, which equates to around 55 high-fidelity FEM simulations; hence the proposed multi-fidelity
method enables 30% of computation time savings. Although LFM is generally computationally cheap, its
computational cost can cause a severe burden when it comes to large-scale problems. Therefore, the proposed
novel multi-fidelity method allows for considerably significant computational benefits to broaden the application

range of the multi-fidelity method to the probabilistic design of large-scale composite structures.

Table 7. RBDO results

Result
Scatter Design and random variables Optimal design
degree used for the HFM and LFM Critical values to
Level of temperature update the
training change (°C) Mass multi-fidelity
data 9) model
HFM LFM HFM LFM
X1,X2,X3,X4,E,4,
Dense X1,X2 Ey, = E35, Gy, X1:34.67
Gy = Gi3,0q4,0, X2:24.10
L X3,X4,E,,, 87 95 861 X3:17.82
Sparse Eyy = E33,Gys, - X4:27.27
Gy = Gy3, 94,0y
X3,X4,E,4,
Dense X3,X4 Eyy = E35,Gys, X1:34.67
I Gy = Gy, 041, 0y 98 110 867 X2:24.10
B E = Eun G X3:18.00
Sparse 110722 7 "33, 723 - X4:30.00
P Gip = Gy3, 011,y
ATcr,LF ,-.‘.-'- .
(C) | v
X3 X1
250 .':‘?' .
200 .i'
'S ¢ ® ATCT i I ".-. .
150 ) <
ATer p P (°C) i
(oc) 100 . - o. ~;\ - =
2 o X4 S Txi
° _— 55
ZS\A ‘ C: ///st/
X2 #~ e A
o X1 13, .
ATerpr ™ i
o &
X3 ’ X2
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Fig. 9. RBDO results comparison by Pareto Front between multi-fidelity model vs. super HFM
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Fig. 10. Statistical characteristic among three different models
Table 8. Design value and FE solver check
] . Approximated  pEM
Design variables (mm o
Model : (mam) Mass. _model AT,,.(°C) model
x1  x2 x3 x4 @ " ¢ AT..(°C)
Multi-fidelity model ~ 34.67 24.10 18.00 30.00 867 98.1 52 98.7
Super HFM 3535 24.01 1797 29.08 868 99.5 12.1 98.7
HFM40 37.25 24.01 1797 2390 865 87.4 93 85.1
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6. Conclusion

In this work, a novel multi-fidelity probabilistic optimisation approach was proposed and demonstrated with a
mono-stiffened stringer composite panel under thermomechanical loading. This approach enables the probabilistic
optimisation of composite structures while providing considerable computation time savings and reliable solutions.
This research work's main contribution is that the HFM supervises a part of the entire design space as dense as
possible while examining other design spaces sparsely within not causing extra computational cost.
Simultaneously, LFM takes all design variables for the multi-fidelity model to explore the whole design space.
The NARGP is incorporated into this multi-fidelity method because it can quantify correlations between different
fidelity models to predict more accurate solutions. This method also cooperates with a multi-level optimisation
framework to be utilised for large-scale problems with a vast number of design variables. The proposed method
was demonstrated by the RBDO problem of the composite structure under thermal environment followed by
mechanical shortening. The optimal solutions and their reliability assessments obtained by the proposed multi-
fidelity method were nearly identical to those of the super HFM, the conventional surrogate modelling approach.
They are also more accurate than a surrogate model that used the equivalent number of high-fidelity FEM
simulations to the multi-fidelity model in terms of computation time. Compared with a FEM solver, the multi-
fidelity model predicts the critical temperature changes more precisely than those of the super HFM for this
example. As well as improvements in accuracy, this proposed method provides significant improvements to
computational efficiency. This new method's computational efficiency was highlighted by comparing it with a
conventional surrogate method, traditional multi-fidelity method and multi-level multi-fidelity method. It should
be noted that the proposed method offers remarkable computation time savings. In particular, this method is 30-
50% more computationally efficient than other multi-fidelity methods. The developed multi-fidelity probabilistic
optimisation method is a new optimisation approach that enables the HFM and LFM to supervise different design
spaces while cooperating with each other during the optimisation process. This new multi-fidelity method enables
the probabilistic optimisation of complex and large-scale problems, such as for composite structures under
thermomechanical loading, to be conducted in a significantly more efficient and accurate manner. This proposed
method will be studied to broaden its application area to the probabilistic design of complex composite structures,
including damage tolerance design under a multi-physics environment. An advanced modelling scheme will also
be developed to carry out large-scale problems having hundreds of design variables efficiently.
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