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Abstract

3D woven hybrid composites can exhibit superior mechanical performance compared to non-hybrid
counterparts, due to synergistic effects arising from the combination of fibres with different properties.
However, the design space of such materials expands exponentially with the number of yarns and candidate
fibre types, rendering trial-and-error approaches impractical for identifying a global optimum within this vast
parameter space. In this work, we propose an efficient inverse design framework for tailoring the effective
properties of 3D woven hybrid composites through the selection of constituent materials. The framework
integrates a genetic algorithm as an optimiser to automatically search for optimal constituent material
combinations, while employing a reduced order model generated by the proper generalised decomposition
method as a rapid forward predictor of effective properties during iterations. The proposed inverse design
framework was verified through a case study on 3D hybrid orthogonal woven composites, involving a design
space of one million potential combinations of constituent materials. The computational time of material
characterisation in the inverse design framework results in an acceleration of approximately 122 times
compared to the conventional numerical homogenisation in the case study. The results confirm the
framework’s ability to efficiently navigate vast design spaces to identify optimal solutions with high
computational performance. Keywords: Inverse design, effective properties, 3D hybrid woven composites,

reduced order model, genetic algorithm

1. Introduction

3D woven composites have garnered increasing interest in the aerospace sector due to their exceptional
out-of-plane mechanical properties and remarkable near-net-shape capability compared to conventional

laminates [1, 2]. The most notable applications of 3D woven composites include the fan blades and the fan case
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sof LEAP engine [3]. To further enhance their advantages, by using two or more types of fibre in the weaving
process, 3D hybrid woven composites offer significantly more design space than non-hybrid ones [4]. By
leveraging the synergetic effects of the mechanical properties of different fibres, such as high-strength carbon
fibre and high-toughness aramid fibre, the mechanical performance of 3D hybrid woven composites can be
tailored by intelligent combinations of different fibres within the preforms with respect to specific load
wconditions of the composites [5], e.g. increased fracture strain [6], enhanced bending strength [7] and higher
damage tolerance [8]. In addition, the fan blades of GE9X were reported to integrate 5-10% glass fibres, aiming
to improve their resistance to bird strikes [9].
Compared to their non-hybrid counterparts, the design space of 3D hybrid woven composites expands
exponentially with the number of yarns in the material and the candidate fibres (such as carbon, aramid and
1sglass fibres of different modulus, strength, toughness, and even cost). For example, for a hybrid composite with 12
yarns in its unit cell, there will potentially be 1.0 x 1012 constituent material combinations, (called
hybridisations) if 10 different fibres are considered. The trial-and-error approach is impractical for identifying
a global optimum within such a vast design space, regardless of whether it employs experimental studies
[7,10,11] or advanced numerical simulations [12, 13] for material characterisation. Recently, some promising
wdesign strategies for 3D woven composites have been presented for bending stiffness [14] and effective properties
[15]. Despite Sitnikova et al. [15] have proposed a design strategy for effective properties to replace the trial-
and-error method, employing three key properties of the weave as design parameters, the computational
process would encounter challenges due to the reliance on conventional multiscale simulations for forward
prediction (material characterisation). Therefore, for the design of 3D hybrid woven composites to
» be possible, an inverse design framework [16, 17], which starts with the desired mechanical performance and
works backward to identify the optimal hybridisations, relying simultaneously on optimisation algorithms and
efficient tools for forward prediction, is one of the potential solutions.
Recently, several optimisation algorithms have been successfully used to address optimisation problems in
3D woven composites, including the particle swarm algorithm [18] for weight reduction, the artificial bee
s colony algorithm [19] for maximising elastic properties, and the genetic algorithm [20] for minimising residual
stress and process time. Particle swarm algorithm is particularly effective in solving continuous optimisation
problems due to its ability to achieve rapid convergence and adaptability to various problem landscapes, and
the artificial bee colony algorithm demonstrates superior performance in handling complex, nonlinear, and
multimodal optimisation problems. A genetic algorithm is particularly well suited for application in
s an inverse design framework for woven composites, since the discrete combination of constituent materials
inherently aligns with the unique strengths of the genetic algorithm [21] (optimising the discrete combination

problems).



To improve design efficiency, machine learning [22, 23] has been effectively employed to develop surrogate
models to replace the conventional multiscale method in forward prediction. However, the performance of

wmachine learning may depend heavily on the quality and variability of the training data. In contrast, model order
reduction techniques are built on the foundation of numerical models and strict mathematical principles,
avoiding the dependency of training data. In the context of model order reduction, the evaluation of a posteriori
methods such as reduced basis (RB) [24, 25] and proper orthogonal decomposition (POD) [26] hinges on the
establishment of reduced bases (a.k.a. modes). Unlike those aforementioned methods, proper

s generalised decomposition (PGD) [27, 28, 29] is an a priori method that approximates a multi-parameter state
solution as a sum of products of lower-parameter modes, making it particularly effective in addressing the curse
of dimensionality. A PGD-based reduced order model incorporates a priori information about those design
parameters (fibre properties), enabling fast forward prediction of different hybridisations in an online phase.
Thus, it is particularly well suited for engineering design applications that require extensive

sorepetitive simulations and optimisations, such as real-time prediction of the stiffness of 2D woven composites
[30] and optimisation of fibre orientations in laminated composites [31].

As 3D hybrid woven composites are used mainly as thin-walled structures in the aerospace sector, their in-
plane effective properties must be addressed before designing the out-of-plane mechanical properties.

This is because the optimised stiffness is critical not only for load transfer and deformation control but also

ss for preventing stability-driven failures like buckling. Although previous studies [15] have attempted on the
stiffness design of woven composites, computational efficiency remains a significant challenge, particularly for
those 3D hybrid woven composites with enormous hybridisations. A rapid methodology to tailor the stiffness
properties of 3D woven composites within a vast design space would shorten the design cycle and promote the
engineering application of these composites. Furthermore, the synergistic effects of mechanical

«properties from different fibre types have not been sufficiently considered in the existing literature. To enhance
computational efficiency and capitalise on the synergistic effects of diverse fibre types, we propose an efficient
inverse design framework to tailor the effective properties of 3D hybrid woven composites through the selection
of constituent materials. Within this framework, we employ a genetic algorithm as an optimiser to automatically
search for optimal hybridisations and utilise a PGD-based reduced order model as a rapid

s predictor for effective properties.

The article is structured as follows. Section 2 introduces the conventional multiscale method commonly
employed to simulate the effective properties of various hybridisations. In Section 3, the process of generating
areduced order model through the PGD method based on conventional multiscale characterisation is detailed,
along with the description of a genetic algorithm used as an optimiser within the inverse design »framework.
To demonstrate the validity of the proposed inverse design framework, Section 4 presents a case study on 3D

hybrid orthogonal woven composites.



2. Conventional multiscale method for forward prediction of effective properties

In this section, we present a conventional multiscale computational framework for forward prediction of
effective properties of 3D hybrid woven composites, from which a PGD-based reduced order model will be
developed. At the microscale, a homogenisation analysis is performed to characterise the material properties of
each yarn. Based on this, a unit cell is used at the mesoscale to determine the effective properties of 3D hybrid
woven composites. Specifically, the relative displacement (a.k.a. periodic) boundary conditions are applied to
the unit cell [32], and the corresponding results are obtained through the standard computational

homogenisation procedure [33] based on the finite element method (FEM).

80 2.1. Analytical homogenisation at microscale

At the microscale, the effective properties of the yarn are generally considered as a homogenised
unidirectional composite with transverse isotropy, and its stiffness properties can be calculated using either
micromechanical analytical solutions or a unit cell model. Among the analytical ones, the Chamis [34] model is
widely employed to calculate the stiffness properties of a homogenised yarn, with the corresponds ing equations

provided in Eq.(1).
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where £1, E3, V12, G2 andGas represent the elastic properties of the fibre; Emand v denote the elastic

properties of the matrix; E 1,E 2,F 3,V"12,V"13,V"23,G 12,G 13and G 23 are the elastic properties of a yarn; and V fis

the intra-yarn fibre volume fraction. The elastic properties of some typical fibres used for aerostructures are
summarised in Table 1 and will be considered as potential options for 3D hybrid woven composites in

« this paper. If certain elastic properties are not available, “educated guess” [35] is utilised to estimate these

properties in the present stage. Based on trends observed in fibres with complete datasets (e.g., T300 and T800),

the ratios E2/F1=0.04 ~ 0.06 and G12/F2= 0.65 ~ 1.08. For T1100 and M40]B, we assumed that E2=0.059E1and

G12 = 0.86E, respectively. For M46]B, M50]B, and M55]B, the transverse modulus and in-plane shear modulus

were chosen as E2= 0.046E1and G12= 20.0 GPa, respectively, to prevent the



o shear stiffness Gi2 from being unrealistically high [36]. Furthermore, for all the aforementioned material

types, the in-plane Poisson’s ratios viz and vz3 were assumed to be identical to those of T800 and T300, with G2z3=

0.4E>. It should be noted that these data based on the “educated guess” are intended only as representative

examples; the methodology itself is independent of these values, and users may employ more realistic data as

needed. As reported in [37, 38, 39], conventional epoxy resin systems for aerospace

wapplications exhibit stiffness values ranging from 3.2 to 4.0 GPa, which are substantially lower than the stiffness
values of most fibres listed in Table 1. The shear modulus of a yarn, when calculated using Eq.(1), demonstrates
relatively minor variations across different epoxy resin systems. Given that these variations are minimal, only

one type of epoxy resin is selected for this investigation for simplification as given in Table 1.

Table 1: Elastic properties of candidate constituent materials (Unit for moduli: GPa).

Standard modulus fibre T300 [46, 47]

T800 [10, 47]
High strength fibre

T1100 [47]
High modulus fibre M40]B [47]
M46]B [47]
M50JB [47]
M55]B [47]
Material E1 E; vi2 v23 G12 G23 Filament
diameter
(mm)
E- 70 7087 0.2 0.2 29. 29. 0.007[4
glass 87 02 0.2 2 2 1,42]
[40] 3 3 35 35 0.007[4
High toughness fibreS-glass [43, 4 4 2,43]
44]
Kevl 11 112 0.3 0.3 41. 41. 0.012[4
ar49 2 6 6 2 2 5]
[10]

230 138 0.2 0.25 9.0 5.5 0.007[47]
29417.20.2 0.2518.6 6.9 0.005[47] 324 19.4*0.2*0.25*16.2*7.8*0.005[47]

377 22,6+ 0.2¢ 0.25+  18.9* 9.0* 0.005[47]
436  20.00 0.2* 0.25+  20.0* 8.0* 0.005[47]
475  22.0+  0.2* 0.25+  20.0* 8.8* 0.005[47]
540 25.00  0.2* 0.25+  20.0* 10.0* 0.005[47]



Matrix Prime 20LV [39] 3.5 0.35

* Assumed value

s 2.2. Computational homogenisation at mesoscale

At the mesoscale, due to the complexity of the geometric configurations, the effective properties of 3D
hybrid woven composites are typically derived from a computational homogenisation approach. For a cuboid
unit cell, to characterise translational symmetry or periodicity, the Dirichlet boundary conditions are applied
in a convenient Cartesian coordinates as follows [32]:
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nmowhere u,v,w and u,v,w’ are the mesoscale displacement components at corresponding points on the symmetry
) [£0,60,50. 40 40 40 1 . . . . .
faces of the unit cell;1 Sz €y €z Toy: Vy=: Vo= J are macroscopic engineering strains of the unit

cell; [Ax,Ay,Az]Tis the translation vector associated with the translational symmetry.
In terms of finite element implementation of the boundary conditions, the six macroscopic engineering

strains are introduced as independent key degrees of freedom through six corresponding dummy nodes that
usare not part of the physical mesh, with the macroscopic strains imposed as prescribed “displacements” of these
nodes. The reaction quantities associated with these dummy nodes are not physical nodal forces but

generalized forces that are energetically conjugate to the imposed macroscopic strain components. These
quantities correspond to the volume integral of the microscopic stress field, i.e. R, 0i;d{), and therefore have

the physical dimension of forcexlength, more details about this implementation technique are given in [32].

120 The linear algebraic form of the finite element model reads
AKu=f+r,

(3)
@Cu =0,

where K is the stiffness matrix relating the unit cell dimensions, mesh element type and element count, C is the
linear constraint matrix that enforces the boundary conditions, and u, f and r are vectors denoting the nodal
displacement, external force, and reaction force, respectively. It should be noted that the solution vector u
denotes an augmented vector, which consists of both physical nodal displacements and additional

us  “displacements” associated with dummy nodes.



Remark 1. Due to their geometric configurations, 3D hybrid woven composites lack translational symmetry in
z-direction [48]. Consequently, the relative displacement boundary conditions for the unit cell are only

enforced in the x-y plane. Thus, only three key degrees of freedom that represent the macroscopic engineering
0 .0 0
strains®z* v and =v are required to be appended to the mesoscale displacement vector u.
10 Remark 2. Several approaches, including the transformation method [49], penalty method [50], and Lagrange

multiplier-based method [51], can be adopted to solve the problem described in Eq.(3).

The global system of equations can be solved with standard static condensation, which partitions the system

according to the boundary conditions.

Ke KEr UE I'E
=@ a. (4)
Kter  KFr ur 0

In particular, as shown in Eq.(4), the subscript E is associated with nodes where displacements are known (E

usstands for essential), whereas subscript F denotes the free nodes. In this work, no external forces are applied, thus
f = 0. Here u'k represents the known displacement, and ur denotes the unknown nodal displacement; re
represents the reaction force; and the stiffness matrix is subdivided into submatrices KgKer and Kr that
correspond to this partition.

By solving Eq.(4), the unknown nodal displacement and reaction force can be obtained as Ktu~

f = — 1
up KF
EF E

(5)
PIre = Keu E + KerFur
10 To obtain the four independent effective properties Ex¢f vy Eyff, and Geffy, that are involved in the unit cell, three

uniaxial stress load cases are required, which are prescribed through the corresponding macroscale strain
associated with a key degree of freedom, and strains in other directions are left free from constraints to ensure
a uniaxial tension or pure shear stress state:

0 _ efl eff
1. Load case I: applying uniaxial tension in x-direction, ~ Sz,1 = 0.01. This will obtain£5" and”es.

0 Teff
1s 2. Load case II: applying uniaxial tension in y-direction,  “v.IT — U01. This will obtain’s .

3. Load case III: applying pure shear in xy plane, yx,° ui = 0.01. This will obtain Geffy,.

For each load case, the partition of the global system of equations in Eq.(4) is distinct. The strains are applied
in the form of displacements at the key degrees of freedom and are incorporated into the known nodal displacement
vectors u'gLu’gn and u g, respectively. Subsequently, the reaction force vectors for isothe three load cases rg,ren
and rgm can be calculated using Eq.(5). From these reaction force vectors, we can extract the nodal reaction force

Ry1,Rynand Ry,m, corresponding to each load case. Here, Rx1, Rynand Ry, denote generalised reaction quantities



associated with the imposed macroscopic strain parameters, rather than conventional nodal reaction forces. In

particular, the extraction can be expressed as

Rx1 E 1g; rel = Kgiu'g1 + Keglug|;
Ry E rely; rell = Keimu g 11 + Kegltug1; (6)
Rxy111 € TE11I; rg 11 = Kgmu g + Ker g 1.

1ss To characterise the homogenised effective macroscopic response, the classic Hill-Mandel theory [52] is adopted.
It should be noted that the unit cell model is assumed to have perfect fibre-matrix interfaces in this study. The

macroscopic stress tensor o? is obtained as a volume average of its mesoscopic counterpart
o by
1
o ::(a)gg:—[o' = | V- (o®x — t &

Ve da=V Jo yda =V Jao xdr, (7)

where ) denotes the domain of the unit cell, t = on isthesurfacetractionontheboundaryfacesofthe

wounit cell T' = 9Q), and n is the unit normal. V = Roda represents the volume of the unit cell. Particularly, in the three

load cases, the integral of surface tractions is the reaction force at the corresponding key degrees

of freedom. Thus we have
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Then, the four independent effective properties of the unit cell can be determined through
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In addition, the effective Poisson’s “¥* ratiocan be calculated as
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s From Eq.(9), it is demonstrated that the macroscopic effective properties can be calculated from the mesoscopic

170

responses on the key degrees of freedom under these load cases. For more detailed discussions, the readers

are kindly referred to the literature such as [32].

3. Inverse design framework for constituent materials of 3D hybrid woven composites

In this section, the novel inverse design framework for constituent materials of 3D hybrid woven com-

posites with tailored effective properties is described in detail.
In a conventional design optimisation that involves multiscale homogenisation computation, the calculation
of the macroscopic effective properties of a material is expensive as it requires repeatedly solving the implicit
problem described in Eq.(3). This trial-and-error approach will become prohibitively unaffordable when the

dimension of design space becomes large, causing the so-called “curse of dimensionality”.

s To address this problem and enhance the computational efficiency, in this paper, a reduced order model is

generated by the PGD method based on the mesoscale finite element model in an offline phase. Then the
reduced order model serves as a rapid online generator of effective properties for various hybridisations of the
composites with a multidimensional parameter space. Afterwards, the online reduced order model is

integrated into a genetic algorithm, which functions as an optimiser to identify the hybridisations of 3D

1owoven composites whose effective properties satisfy the user tailored inputs. An overview of the inverse design

185

framework is illustrated in Figure 1. In this flowchart, the development of the reduced order model in the offline
phase is detailed in Subsection 3.1.2; the encapsulated procedure of the reduced order model for online phase
is described in Subsection 3.1.3, and the workflow of the application of the online phase in the genetic algorithm

is presented in Subsection 3.2.

3.1. Reduced order model generated by the proper generalised decomposition method

In order to analyse the multidimensional design space, we attempt to separate the material properties of

each yarn from the global stiffness matrix. With these material properties serving as parametric variables, a
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Figure 1: The workflow of the proposed inverse design framework for a given weave pattern.

O The offline phase in reduced order model

[ The online phase in reduced order model

O The workflow of genetic algorithm

reduced order model is obtained by the PGD method to enhance the computational efficiency of obtaining the
homogenised effective properties. A typical reduced order modelling process can be divided into an offline
woand an online phase. During the offline phase, the PGD method exploits the parameter space to establish a reduced
basis or modes, which contains the essential information of all the possible material selections for each yarn in
the 3D hybrid woven composites. In the online phase, these modes are encapsulated as a rapid generator to

obtain the effective properties with arbitrary combinations of material properties for each yarn as the input.

195 3.1.1. Separation of material properties in global stiffness matrix
At the mesoscale, the yarns of a 3D hybrid woven composite, whose material properties calculated from
Eq.(1), are all homogenised as transversely isotropic materials, while the resin is typically considered as an

isotropic material. For a transversely isotropic material, its elastic matrix D is typically represented by a 6 x 6

symmetric matrix

10
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where k23is the in-plane bulk modulus calculated by
200
1 _ 2(1 — U23) 41/;22
K23 s By (12)
E1,E2,v12,v23,G1z and G23 are the engineering elastic properties of the material. Note that the material
elastic matrix D can be decomposed into
D = 2ko3v12D1 + (Ey + 4ko3075)Da + Ko3D3 + G12Dy + G23Ds, (13)

where D1,D2,D3,Dsand Ds are constant matrices. Note that Eq.(13) is applicable to all yarns.
In this paper, for simplicity, the resin matrix is considered a fixed type of isotropic material. This implies
205 a constant contribution from the resin to the overall stiffness of the unit cell.

When the weave pattern of a unit cell is determined, a finite element model of the unit cell is established
with a convergent mesh size. After the discretisation, the local stiffness matrix of an element Ke¢is calculated by
Z

Ke= BerDB" A2 = 2k V[, K + [Ef + 4r; (1v],)*] K5 + k5K + GLK§ + G5Kj) (14)
Qe
where Bedenotes the strain-displacement matrix of an element e with its domain Q3 ¥12 EY, k33, G2 and

20 G3 are material properties of the element, and K1 K5, K3, K§ and Kes are constant stiffness-like matrices of

the element, which are integrated by

a

f-:/ B'D,B°dQ, a=1,2,3,45
K Qe .

(15)
The global stiffness matrix K of the unit cell model is assembled from the local stiffness matrix of the yarns and
resin elements, namely
= U (2#hina K + 1B + 4k () 1K + K] + GLIY + GKL) +
K Ko, (16)

11
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. . . . I pd A
where j represents the sequence number of yarns in 3D hybrid woven composites; 119, B3, Ras, Gia and

oy . . . I W Wi K .
G93 are material properties of the j-th yarn; and K1 K3, K3, K and Kis represent the assembled constant

matrices for the j-th yarn, while Km denotes the contribution in assembled global stiffness matrix coming from the

resin. It can be seen that Eq.(16) formulates a separated representation of the stiffness matrix as a multidimensional

function of various material properties.

220
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3.1.2. Solving procedure of the proper generalised decomposition method in the offline phase

For simplicity and clarity in notation, the material properties for the yarns are denoted by a vector y,
U s s iy ooy i} = {V{'z- E'll‘ "’5';_3.- G'{T G'ﬂ:&}j:l , (17)

where Nyam is the total number of yarns, the parameter pirepresents those corresponding material properties
of each yarn in Eq. (16), and n denotes the total number of parameters in p. It is trivial to identify that n = 5Nyarn.
This means the possible combination of yarn material properties forms a 5 Nyarn dimensional
parameter space, which would be impractical to solve Eq. (3) in a traversal approach with conventional
iterative algorithms.

In this context, the unknown nodal displacement vector, which can be written as a function of the
parameters, is given by ur = ur(u). To address this high-dimensional problem originated from Eq. (3), the PGD
method introduces a separated representation to approximate ur(u) by assuming that it can be approximated

by a superposition of M truncated modes, namely
M n
uF(H) ~ upgp (k) = Z S’ H'W'Z”(Hi)l (18)
m=1 i=1

M

Here, uPGD(”’) approximates ur with M modes. Each mode is composed by a product of independent
functions of every parameter; S™ois a displacement-like vector represents the m-th spatial mode; w™(u:) is the
separated one-dimensional function, known as the parametric mode, of the i-th parameter in the m-th mode.

It can be further approximated using a one-dimensional basis for discretised calculations:
wi (1i) = Nt ()T, (19)

where Ni(ui) is the interpolation basis vector of the i-th parameter; S™;represents the parametric mode vec-
tor related to the corresponding parameter pi.. Apparently, the separated stiffness matrix can be represented
by K = K(u).
By replacing the nodal displacement vector urin Eq. (5) with upep and introducing a test function v(u),

which has the similar form to uMpep, we obtain the PGD generalised weak form of Eq. (5) through integrating

over the parameter space:

12



f f p)Ke( )uPC p(p)dp -~ dpn = f f
Ty Ty, KTEF(H)U_E d,ul dﬂn (20)

20 Note that the material property ranges for all candidate materials define a parameter space for each yarn, which
remains consistent across all yarns. A suitable ranges of yarn material properties can be selected according to
all the calculated yarn material properties using Eq. (1), allowing for reasonable fluctuations in the fibre
material as demonstrated in Ref.[44]. Fibre types not listed in Table 1 may still qualify as viable candidates,
provided that their properties fall within the prescribed material property ranges. By

s substituting Eq.(4), (16) and (18) into Eq.(20), the multiple integrals on both sides are simplified to be a
multiplication of integrals with a single parameter. Therefore, the spatial mode vector S™oand parametric mode
vectors S™ can be solved sequentially using a greedy strategy that solves a rank-one term at a time. The detailed
procedure is introduced in [27, 28, 29]. It is noted that the mode by mode calculation for solving Eq.(20)
dominates the computational cost in the offline phase of the reduced order modelling.

0 To control the approximation accuracy in the process of solving Eq.(20), we define the amplitude of the m-th
mode ™

g™ = syl H ||S'“
i=1 (21)
where || « || denotes the L2 norm of e in the corresponding space. To determine an appropriate truncation
number of modes M, a stagnation condition of the amplitude is defined as

j”
< T
e (22)

where 7 is a user-specified truncation tolerance that controls the accuracy of the produced reduced order
»smodel. Higher precision will be achieved by decreasing the tolerance 1. As a consequence, the number of modes
required will increase and so will the computational cost. For Load case I (Warp tension) in Subsection 4.2,
when the tolerance i was set to 1 x 10-3, the model achieved a computational time of 12.5 hours with a mode
count of 44. For the 1,000 randomly generated datasets, the maximum relative error of vy*freached 21%.
However, when n was decreased to 5 x 10-4, the computational time increased to 41.8
0 hours, while the mode count doubled to 87. Under these revised conditions, the maximum relative error of
vyfwas significantly reduced to 9%. It shows that an appropriate trade-off between accuracy and cost has to
be achieved from empirical knowledge of a particular problem.
Having obtained the PGD modes, a further compression process is performed to refine the reduced order

model. This consists of a least-squares projection of uMpep onto the same approximation space to filter the

»s  redundant information. Further details about this approach can be found in [29, 53].

13



3.1.3. Encapsulated online phase of the reduced order model

In order to obtain homogenised effective material properties from the mesoscopic unit cell model, the three
load cases introduced in Subsection 2.2 require three corresponding offline phases to obtain the separated
representations for each load case. By incorporating Eq.(18), the unknown nodal displacement vectors for 2o

the three load cases in Eq.(5) can be expressed by

M n

uFi(u) = X Smo,1 YNT; (i) Smi;

m=1 i=1
M n
~ gm N'l‘ ; gm
UFEII (“) Z E (u) 0,11
i n Al

(23)

m=1

M

ur () ® X Smo, it YNT (i) Smiin,
m=1 i=1
Finally, the desired effective properties can also be obtained in terms of functions of the material

parameters by recalling Eq.(6) to (9). For instance, we may have

1

ESf(p) = R,
» (1) Vel 'I(‘u), where Rx1(u) € rgi(u) = Kei()u's1 + Keri(p)uri(w). (24)

x,1

With encapsulating the data of the spatial modes S™oand parametric modes S™; of all three load cases into
the reduced order model, we can achieve a much faster calculation during the online phase. Because
zsnow for each given set of input parameters y, it requires only a few matrix-vector multiplication and summations
to obtain the effective properties, as demonstrated in Eq. (24), rather than solving a linear system in Eq. (5). So
far, an efficient reduced order model, which connects the parameter set u and the effective properties
{Exf vyt Eveff Geffy, } via simple algebraic functions, has been successfully developed using the PGD method,
allowing the rapid generation of the effective properties of various hybridisations of
20 3D hybrid woven composites within the inverse design framework.
The multiscale computational homogenisation approach [32, 54] based on finite element modelling is a
theoretically rigorous alternative to experimental tests, which has been widely used and validated in the
characterisation of 3D woven composites [48, 55, 56]. It is noted that uncertainties associated with

idealisations in the meso- or microstructural representation, constituent properties for the scale of interest,
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ssand the treatment of material interfaces would affect the predicted results, whilst the effective stiffness is less
sensitive than local stress levels as the it still reliably predicted effective stiffness with relative errors of less
than 0.58% relative to experimental data in [57]. As this paper is aiming at developing a computational
framework for material and configuration selection in inverse design, further validation against experimental
results is out of scope and yet to be performed in future work. However, the implementation of such a

sohomogenisation approach is strictly performed by using the specially developed software TexGen [58] for textile
composites. In addition, the reduced order model based on proper generalised decomposition (PGD) used to
improve computational efficiency, which is rigorously derived from the finite element model with user-
specified error control [27]. As a verification, the predicted results are compared with the finite element model
within user-specified accuracy before the implementation of the inverse design framework.

w5 3.2. Multi-objective optimisation through genetic algorithm

For a set of material properties u, the four independent effective properties will be calculated
simultaneously. Consequently, the inverse design task can be formulated as a multi-objective optimisation
problem. In this work, a genetic algorithm is implemented as the core of the inverse design framework. The
tailored effective properties, which are user input of the framework, are treated as multiple optimisation
objectives,

sowhile the genetic algorithm seeks to identify the optimal hybridisation of 3D hybrid woven composites, as the

output of the framework, whose effective properties closely match the tailored ones.

3.2.1. Process of multi-objective optimisation
For each design objective, which is an independent effective property, we introduce an alternative variable
- . i i i Ecsff E,L‘[T E‘cff (_;L‘[T i i i
0 i, referring to the i-th independent effective property (= *“=y’> =y @ “=y). Then we define an objective
s function €i(u) as the relative error of each identified property 6:i(u), (with i = 1,2,3,4 corresponding to

eff | eff  peff eff i
B vays By G:ff:u, respectively), namely

=" (25)

For simplicity, we use a vector e(u) = {e1,€2 €364 } to denote the objective functions of the four independent
effective properties.

Following the weight-based genetic algorithm [21], we define a multi-objective function ¥ in Eq.(26) to

snevaluate the weighted sum of the relative errors between the effective properties of candidate hybridisations and

those of the tailored ones. A smaller value of this multi-objective function indicates that the effective properties

of an identified hybridisation more closely match the tailored ones. Thus, the multi-objective optimisation

problem is formulated to find a y*that minimises the value of the multi-objective function, namely
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W= argmin®(u) = e(u)w’, (26)
u

4
where w = {w1,wz,ws,ws } represents the weights for the corresponding effective properties,Zzzl w; = 1.

The weights are served as input parameters in the framework, decided by designers according to specific
requirements; if there is no clear precision preference for a particular engineering constant, it is recommended
to assign equal weights to obtain a balanced preference among all objectives. Note that the minimum value of
the multi-objective function ¥(u) could be zero, if the minimum value of each objective function €i(u) is

ZEero.

In the multi-objective optimisation process, different objectives may exhibit conflicting optimisation trends,
making it inherently impossible to identify a design point that can optimise all design objectives. As a result,
the optimal design is no longer a single solution but a collection of solutions, which are referred to as Pareto
optimal solution sets [20]. Each solution within the Pareto optimal solution sets represents a s:s viable option.
A genetic algorithm [20] is widely used to perform a global search for these Pareto optimal solution sets within
the design space. To control the outputs of the Pareto sets, a constraint value ¥.is defined. Only an objective
function value below ¥.is considered for output. If no candidate meets this constraint threshold, the constraint
value can be increased.

In the process of genetic algorithm, a random population of candidate hybridisations of 3D woven composss

ites evolves over successive generations through genetic operators such as selection, crossover, and mutation. The

algorithm halts when a multi-objective function tolerance ¥ is met or the maximum number of iterations N is

reached. Each individual in the population is encoded as a chromosome, representing a potential solution to the

problem, and its fitness is evaluated based on the predefined multi-objective function. The fitter individuals are

more likely to be selected as parents for the next generation, ensuring the survival of

ssthe most promising solutions. The effective properties of the candidate hybridisations are calculated using the

340

reduced order model during the online phase, taking advantage of its enhanced efficiency. It is important to
note that each chromosome is decoded into a set of material properties of each yarn u in the online phase. The
procedure of the genetic algorithm for multi-objective optimisation is expressed in Algorithm 1. The encoding

strategy, and the genetic operators are described in the following.

3.2.2. Encoding strategy of 3D hybrid woven composites

In the genetic algorithm, the chromosome is introduced as a sequence of Nyarn genes. Each gene acts as a
discrete variable that labels the material type of a yarn, selected from the ten candidate fibre materials listed
in Table 1, encoded with an integer digit from [0,9]. Subsequently, a complete chromosome describes a specific

material selection for each yarn in a hybridisation of the 3D hybrid woven composite, with the
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usj-th gene specifying the material for the j-th yarn. The encoding strategy of a chromosome in 3D hybrid woven

composites is illustrated in Figure 2(a).

(@ (b)
Yarn sequence Yarn1 | Yarn2 Yarnj Yarn Ny, Parents | 1 | 2 | s 45 I l 4 l | 6 I 3 l .!8 l I 7 I
Chromosome 1 1 2 5 4 Single-point crossover with P,
Chromosome 2 6 3 8 7 ] —
chidren [1[2]..[8]..[7] [6]3].[5]..]4]
Chromosome 3 0 5 9 3
Mutation with P,, for each gene
0: E-glass 1:S-glass 2: Kevlar49 3:T300 4:T800
5:T1100 6:M40JB  7:M46JB  8:M50JB  9: M55)B of2]..]8]..][7] l6[3]..[9]..]4]

Figure 2: The encoding strategy, single-point crossover operator and mutation operator in genetic algorithm: (a) The encoding strategy of
chromosomes in 3D hybrid woven composites; (b) The process of single-point crossover operator and mutation

operator.

Algorithm 1: Procedure of genetic algorithm for multi-objective optimisation.

Input:EiH= V\:g: E;ﬁ> C’iﬁi the tailored effective properties; w, the weights; N, the maximum number of
iterations; s, the population size; P, the crossover rate; Pm, the mutation rate.
Output: Pareto optimal solution set {Xk}.
1 encode the candidate materials as genes;
2 generate s potential chromosomes randomly and save them in the population pop;

3 fori=1toNdo
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4 decode pop asmultiplesetsof 4 andcalculatecorresponding  Ef" v & E 57,G 5 ;

5 calculatemulti-objectivefunction ¥ by Eq.(26) foreachindividual;

6 if min(¥) <% 1 then

7 break;

8 endif

9 savethosechromosomeswitha Y<¥ . inParetooptimalsolutionset {X«r};
10 calculatefitnessvalue @ =1 /¥ foreachchromosomeandgenerateanormalisedRoulettewheel;

11 for j =1 to s/2 do

12 randomlyselecttwoindividuals X4 and X 5 from pop usingtheroulettewheel;

13 generate X ¢ and X p bysingle-pointcrossoverto X4 and X 5 withprobability Pc;
14 save X ¢ and X p to popl;

15 endfor

16 for k=1 to s do

17 selectachromosome X « from popl;

18 mutateeachgeneof X k underrate Pm andgenerateanew X k

19 update X with X,; in pop1;

20 endfor

21 update pop < popl;

22 update i < i+1 ;

23 endfor

3.2.3. Genetic operators
To search for optimal solutions in a design space, the genetic algorithm employs selection, crossover and
mutation operators to mimic the evolutionary process. For the selection operator, the fitness value
10 @ for each individual hybridisation is calculated as @ = 1/¥ and normalised to form a roulette wheel to
probabilistically select two individuals as parents for the crossover. In this roulette wheel selection process,
individuals with higher fitness will have a greater chance of being selected as parents, which promotes the
survival of the fittest and helps maintain population diversity.

For the crossover operator, a single point is selected at a random location between two genes of the
ssparental chromosomes. Once the point is selected, the chromosomes of both parents are split at this location. The

left portion of one is then combined with the right portion of another to generate two children, and this process
is repeated to create a new population of individuals. This process is illustrated in Figure 2(b). In order to
balance the exploration of new solutions and the exploitation of existing ones, a crossover rate P:is used to

control the frequency of gene exchange.
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s0 The mutation operator is designed to maintain genetic diversity within the population by introducing random
changes in the chromosomes of individuals following crossover. Each gene has a small mutation probability P
of mutating to a randomly selected value within the range [0,9], as shown in Figure 2(b). This operation
improves the performance of searching for the global optimal by helping the genetic algorithm escape local

optima and exploiting unexplored areas within the design space.

s 4. Case study

In this section, the proposed framework for the inverse design of constituent materials for tailored effective
properties is verified through a detailed case study of 3D hybrid woven composites. Firstly, the unit cell model
of the studied composites is created, based on which a reduced order model has been generated using the PGD
method. This reduced order model is then employed as a rapid predictor of effective properties in

sothe proposed framework to replace the full order model using conventional multiscale approaches. Finally, we
employ a genetic algorithm as an optimiser to identify hybridisation options for the unit cell whose effective

properties closely match the user-defined values.

4.1. Unit cell model of the 3D hybrid woven composites and associate design space

3D hybrid woven composites of an orthogonal weave pattern with 2 layers of the warp yarns and 3 layers

15 0f the weft yarns are used in this case study. The unit cell model of the studied composites is established using

the software package TexGen [58], with the corresponding geometric parameters detailed in Table 2. An

unstructured tetrahedral mesh with linear elements (207,099 C3D4 elements) is generated using TexGen, and

transferred to Abaqus Standard 2024 for subsequent finite element analyses.

In practical applications, changes in material type (e.g. from carbon fibre to glass fibre) may result in

sovariations in yarn geometry (mainly cross-section) due to the differences in fibre diameters and filament count

of the used yarns, along with the overall fibre volume fraction. In this study, fibre diameters are included in

Table 1 and the intra-yarn fibre volume fraction Vffor each yarn type is calculated by its fibre diameter, filament

count and cross-section area of the yarn. In this approach, the variation of fibre volume fraction for different
yarns can be considered, and the fibre volume fraction is the most critical factor in

s determining the stiffness of the materials. However, as limited by the current PGD method, we still assume a

constant yarn cross-section, which is also adopted by other study [12]. Although this makeshift in constant

cross-section may influence local stress distributions, it does not undermine the prediction of stiffness as

variation of fibre volume fraction for different yarns has been accounted for in the varied intra-yarn fibre

volume fractions.
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s Based on the yarn geometric parameters presented in Table 2, the cross-sectional area of Z-binders is about 1/4
that of warp and weft yarns. Consequently, the number of filaments in Z-binders is set to 1/4 that of warp and
weft yarns to ensure that the V fis the same with a material type. Please note that this assumption here is for
simplicity in demonstrating the workflow only, although different warp, weft and binder yarns can have

different cross-sections and V ffor different materials. Consequently, we can determine

ssthe Vfbased on different fibre diameters in Table 1 and filament count in the yarns. However, an idealised yarn
geometry is adopted in the study, introducing additional matrix-rich regions that reduce the overall fibre
volume fraction of the unit cell. To compensate, a higher Vfis adjusted to match the overall unit cell fibre volume
fraction as closely as possible to the practical material. It should be emphasised that the V fused here can be
substituted with the actual value, as long as the predicted stiffness of the unit cell is not

wo influenced. By substituting V finto Eq.(1), we present the calculated elastic properties of various yarns with
different filament counts and V fvalues, along with their genetic codes in the genetic algorithm in Table 3. For
example, if warp and weft yarns are chosen as 12K and Z-binder is selected as 3K with a fibre diameter being
0.007 mm, the fibre volume fraction for this unit cell is 45.9%, which is derived geometrically from the unit cell
configuration. In addition, it is demonstrated in [59] that a reduced order model taking into

ws account variable geometric parameters can also be achieved. The challenge of addressing varying geometric

dimensions warrants further exploration in future research.

Table 2: Geometric parameters of the 3D orthogonal woven composite (Unit for dimensions: mm).

Type of yarns Volume fraction (%) Section Spacing ~ Width Height
Warp yarns 16.6 2 1.8 0.33
Weft yarns 33.2 Power ellipse* 2.4 1.8 0.33

Z-binders 3.0 1.19 0.99 0.15

*The power ellipse section power is 0.4.

As the unit cell model in this case study has 12 yarns, if the material of each yarn can be selected from the
ten listed in Table 3, there will be about 1.0x1012 possible hybridisations in the design space. Although this vast
design space can be handled by the proposed frame, to demonstrate the workflow, we decrease

aothe size of the problem by introducing some manufacturing restrictions that take into account the weaving
process. Considering the loom'’s operations of lifting the harness and inserting the weft yarn, we define “layers”
as a discrete unit. Within each layer, the yarn materials are assumed to be the same. Therefore, there are only
6 layers (including the Z-binders as a single layer) to be designed, decreasing the number of hybridisations to

1.0x10¢1n this work, and each hybridisation is encoded as a chromosome with six digits,
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ssas detailed in Figure 3. Note that the simplification of the design space from 1.0 x 1012to 1.0 x 106 may potentially
overlook the possibility of a single weft layer containing two separate yarns and thus missing a true global
optimum for the hybrid material. For real applications, all possible combinations should be considered but it

would lead to an increased computational cost.

Table 3: Elastic properties of candidate yarns calculated by Eq. (1) with different filament counts and V f(Unit for moduli:

GPa).
Filamentcount
Codes Yarn v E1 E; V12 v23 G12 G23
Warpandweft Z-binder
0 E-glass 12K 3K 87.0% 61 30.7 0.22 0.29 119 119
1 S-glass 12K 3K 87.0% 76 33.4 0.25 0.31 12.8 12.8
2 Kevlar49 4K 1K 85.2% 96 33.1 0.36 0.35 12.2 12.2
3 T300 12K 3K 87.0% 200 11.5 0.22 0.27 6.4 4.5
4 T800 24K 6K 88.8% 261 14.0 0.22 0.27 10.5 5.5
5 T1100 24K 6K 88.8% 288 15.4 0.22 0.27 9.7 6.0
6 M40]B 24K 6K 88.8% 335 17.2 0.22 0.28 10.6 6.7
7 M46]B 24K 6K 88.8% 387 15.7 0.22 0.28 10.9 6.2
8 M50]B 24K 6K 88.8% 422 16.9 0.22 0.28 10.9 6.6
9 M55]B 24K 6K 88.8% 480 18.5 0.22 0.28 10.9 7.2
Range [61,480] [11.5,33.4] [0.22,0.36] [0.27,0.35] [6.4, 12.8] [45,12.8]

Candidate materials: /\/\ 48 m
-5 mm

0: E-glass

: S-glass

: Kevlar49
: T300

: T800

: T1100

: M40JB

: M46JB

: M50JB

: M55JB

—

© X N UL B WD

Chromosome | 5 | 4 | 2 I 1 | 6 | 8 |
Weftl Warpl Weft2 Warp2 Weft3 Z-binders

Figure 3: The unit cell of the studied 3D hybrid woven composite and an example of its chromosome encoding.

4.2. Verification of the generated reduced order model for effective properties

a0Based on the mesh of the unit cell, the global stiffness matrix is separated as a sum of matrices and the material

parameters of each layer are extracted in the form of Eq. (16). The material type of each layer is considered
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independent, and the ranges of material parameters for all material types are displayed in Table 3. By feeding
these parametric ranges for each layer into Eq. (20), a reduced order model has been obtained by the PGD
method under three load cases (with load case LILIII representing warp tension,

«s weft tension and in-plane shear, respectively), which is used to efficiently generate effective properties for
different hybridisations. The inputs of this reduced order model are the material properties of each layer y, and
the outputs are the corresponding effective properties. In the genetic algorithm, the layers of the unit cell for a
hybridisation is encoded as a chromosome; thus, we decode the chromosome as a set of material properties u
in the online phase of the reduced order model. It is important to emphasise that the inputs

a0 for this reduced order model consist of either a set of u or multiple sets of p. This flexibility showcases the
capability of this reduced order model to simultaneously accommodate diverse hybridisations of 3D hybrid
woven composites.

The evolution of the modal amplitudes for three load cases has been shown in Figure 4. To optimise

computational efficiency while maintaining accuracy, we set the truncation tolerance n = 5x10-4. This value

asensures that the PGD solution for all three load cases achieving the same accuracy with the least number of modes.

As the number of modes increases, the corresponding modal amplitudes decrease progressively.

10" T T

—a— Warp tension
. — —— - Weft tension
| In-plane shear
10! _:1 — — —-Truncation tolerance

104 1 1 I 1 1 1 1 I
0 10 20 30 40 50 60 70 80 90

Mode index

Figure 4: Evolution of modal amplitudes of the three load cases for effective properties with truncation tolerance n = 5x10-%

The total number of modes is determined once the convergence criterion defined in Eq.(22) is satisfied. In
particular, the number of truncated modes varies significantly among different load cases, as each load case

involves a different stiffness matrix in Eq. (20), resulting in different modal characteristics. Of particular
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aointerest, the in-plane shear load case exhibits the fastest convergence rate among the three cases, requiring fewer
modes to achieve the convergence criterion than the other two cases. The offline phase computation for the
reduced order model was performed on a supercomputer equipped with Hygon C86 7285 32-core processors.

Each of the three load cases was configured to use 1 node with 256 GB DDR4 RAM, and only

3 cores. This is because the memory requirement of the unit cell model is demanding, while the PGD
ausapproach is a sequential process. The computational times for the three load cases are 42.8, 35.1, and 9.6 hours,

corresponding to warp tension, weft tension and in-plane shear, respectively. Assuming all yarns are of type

T300 and accounting for the material property variability reported in [44] (+0.01 GPa for moduli and +0.01 for

Poisson’s ratios), the relative errors for the homogenised properties are found to be within

0.01% for the moduli and 3% for Poisson’s ratios. The relative errors for Poisson’s ratios are higher than
sothose of moduli, which can be attributed to the greater inherent variability in Poisson’s ratios as reported in the

material properties.

As a verification of the reduced order model, we randomly selected 1,000 hybridisations within the design
space to assess its accuracy. The effective properties calculated by the reduced order model and the full order
model using conventional homogenisation approach are populated for each hybridisation, and then compared

in terms of the relative error. The results are illustrated in Figure 5. The analysis demonstrates
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Figure 5: Verification of the reduced order model: predicted versus reference values of the effective properties for 1,000 random

hybridisations within the design space, alongside the corresponding range of relative errors.

ssthat the relative errors of the effective moduli are constantly maintained within a 2% deviation from the reference

solutions. However, the relative errors for Poisson’s ratio vyeff exhibit relatively higher values, which is a

phenomenon consistent with Ref. [30]. Specifically, 95% of the hybridisations exhibit relative error for "=y

eff

below 5%, with the maximum error peaking at 9%. Notably, the hybridizations predominantly featuring

medium modulus fibres in both warp and weft yarns (e.g., 526652 and 554560) achieved a relative error of

160 9% for vyeff, This discrepancy can be attributed to the fact that the computation of effective moduli in Eq.(24)

includes an additive term irrelevant to the unknown displacements (Kegur) for the reaction forces.

Consequently, during the propagation of errors associated with the unknown displacements, the denominator

of the relative errors for effective moduli becomes disproportionately larger than that of Poisson’s ratio.

In addition, we have discovered another situation in which the relative errors of the effective properties
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«s exhibit errors approximately 100 times greater than the truncation tolerance n in the PGD method. This
phenomenon results from the macroscopic strain £° (with a value of 0.01) serving as the denominator in the

calculation process for the effective properties, as defined by Eq.(9).

4.3. Implementation of genetic algorithm for multi-objective optimisation

A comprehensive review of genetic algorithms [60] has identified that optimal solutions can be found
sowithin 100 generations when the population size is set to 50. In this specific application of the genetic algorithm,
a generation limit of 100 was implemented, coupled with a population size of 50. According to Ref. [61], we
took the crossover rate Pc= 0.8 and the mutation rate Prn = 0.05 in this case study. In the iterative process of the
genetic algorithm, we define the termination criteria as either the minimum value of the multi-objective
function falling below 0.001 or the number of iterations reaching a maximum limit
45100. In the outputs of the framework, the value of ¥ is initialised as 0.05. If no results are obtained within the
initial ¥, it will gradually increase by a step of 0.01 until the results are obtained. For convenience of display,
we only plot three of those solutions with lowest multi-objective function values in ascending order for the
following radar figures.
For a specific unit cell, the framework automatically identifies optimal hybridisations by selecting from
soa pool of candidate materials, enabling the creation of multiple hybridisations that closely match the tailored
effective properties. The material properties of the candidate material are discretely defined and the material
selection of each yarn in the unit cell is independent. This results in effective properties within the design space
that are inherently discrete. If the tailored effective properties are not sufficiently feasible to be achieved, the
framework would provide some hybridisations whose effective properties meet the require-
ssments as closely as possible. By adjusting the weights for the tailored effective properties, it is possible to ensure
that a specific property of interest matches the tailored value better than others in the identified hybridisations.

4.4. Verification of the implementation of the inverse design framework

To verify the implementation of the proposed framework, a “sanity check” [32] is performed with a set a0 of

i'/ef—f =

y retf -
tailored effective properties E «*ff=38.139 GPa, "=y 0.0283, E‘u = 68. 451 GPa, G ©ffy,= 3.152 GPa. These values

are computed via standard homogenisation method by setting all yarn materials in the unit cell to be T300. A
uniform weight is chosen as w = {0.25,0.25,0.25,0.25}. The output hybridisations with ¥ = 0.05 are presented in

Figure 6, and the number of total identified hybridizations is 10. Among the
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Figure 6: Output hybridisations for sanity check with tailored effective properties E = 38,139 GPa, "vy*= 0.0283, E ,*= 68.451 GPa, G °f,

=3.152 GPa, w ={0.25,0.25,0.25,0.25} and ¥, = 0.05; the number of total identified hybridizations is 10.

hybridisations identified from the framework, it is shown that the target hybridisation, with chromosome

15333333, minimises the multi-objective function to be ¥ = 0.003. This corresponds to the non-hybrid solution

where all yarn materials are set as T300. Furthermore, other hybridisations, with chromosome 333334 or

333336, demonstrating effective properties similar to the tailored ones, have also been identified with ¥ =

0.005.

4.5. Results and discussion

so The framework has demonstrated remarkable capability in systematically optimising material arrangements to

achieve a variety of tailored effective properties, as shown in Figure 7. When lower E «fand E_yeffare preferred

by the users, as shown in Figure 7(a), the optimised hybridisations incorporate a greater proportion of lower

modulus materials. Conversely, when higher E »f and E_yEff are requested, as shown in Figure 7(b), the

framework prioritises the inclusion of more brittle and higher modulus materials in

sssthe identified hybridisations, which could negatively impact the toughness. This systematic variation of material

constituents underscores the framework’s ability to design 3D hybrid woven composites with precisely

tailored mechanical properties, offering both flexibility in achieving desired moduli and control over

corresponding Poisson’s ratios.
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Figure 7: Output hybridisations and relative error of each effective property for different tailored effective properties with w =

{0.25,0.25,0.25,0.25} and ¥ = 0.05: (a) E «F= 50 GPa, vy = 0.1, E ,¢7= 30 GPa, G »*= 4 GPa; (b) E «= 70 GPa, v'yeft= 0.03, Eyeff= 110
GPa, Geffxy = 4 GPa.

In order to investigate the impact of weights on results, Figure 8 has compared the results obtained from

different weights under the same tailored effective properties: E_xeff= 70 GPa, "vyeff=0.07, E_yEff= 30 GPa,
Arofl fefl
Gly= 4 GPa. Figure 8(a) has shown that the obtained E,*ffis not close enough to the targetE'g with a uniform

it
weight w1 = {0.25,0.25,0.25,0.25}. By adjusting the weights to wz = {0.1,0.1,0.7,0.1}, the new result for By is

significantly improved, as presented in Figure 8(b). The relative error of each effective property for the

identified hybridisations in Figure 8(a)(b) were compared in Figure 8(c).
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Figure 8: Output hybridisations for different weights with tailored effective properties E #f= 70 GPa, “vyeff=0.07, E_yeff: 30 GPa, G_effxy: 4
GPa: (a) w1 = {0.25,0.25,0.25,0.25} and ¥.= 0.11; (b) wz2={0.1,0.1,0.7,0.1} and ¥.= 0.06; (c) Relative error of each effective property for
identified hybridisations with different weights and ¥..
When equal weights are assigned, the optimisation reflects a balanced preference among all objectives,
sisleading to a compromise solution rather than an optimal result for each individual parameter. Increasing the
weight of Eyinevitably introduces trade-off in the relative errors of the remaining objectives. As shown in Figure
8(c), Poisson’s ratio exhibits a more pronounced variation in relative error compared to Ex and Gx. This
behaviour is primarily attributed to its smaller reference magnitude, which amplifies the sensitivity of relative
error to small absolute deviations. These characteristics highlight the necessity of careful weight
soselection, particularly when Poisson’s ratio is the primary parameter of interest. This indicates that the proposed
framework provides the flexibility to adjust the associated weights when specific effective properties need to
be prioritised.
Considering the intricate manufacturing process for 3D woven composites, hybrid composites with less
different types of fibre may be preferred if they can already meet the tailored values. To demonstrate the
sscapability of the proposed framework to handle this preference, it is possible to impose a user-defined restriction
on the number of constituent materials used. To demonstrate this, under the same tailored effective properties,
weights in Figure 7(a) and ¥.was set as 0.08, the hybrid composites were restricted to utilise no more than
three distinct constituent materials. The corresponding results are presented in Figure 9, and the number of

total identified hybridizations is 3. It can be seen that the resulting hybridisations still satisfy

LRl fell o Felf
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restricting the number of constituent materials. In practical applications, the proposed framework can
streamline the manufacturing process and enhance overall production efficiency by controlling the number of
constituent materials. It is worth noting that these identified hybridisations can be used to reduce the design
space to further accelerate the design of more complex mechanical behaviour.

For instance, the strength can be taken into account after the fundamental material stiffness design has been

sss  addressed.
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In this case study, the conventional numerical homogenisation and the online phase calculation of the reduced
order model are performed on a workstation with a 16-core Intel Core i7-1260P processor and 32 GB RAM. To
compare the computational efficiency of the two methods, we select the case of Figure 8(a) as an example, where
the maximum number of iterations is reached and the effective properties are repeatedly
socalculated 5,000 times in the inverse design framework. For the full model using the conventional homogenisation
method, we performed 100 tests and use the average runtime per test to estimate the total time required for
material characterisation. For the reduced order model in the online phase, we represent the actual time. The
wallclock times for both methods are listed in Table 4. It can be seen that the computational time of the reduced
order model in the online phase results in an acceleration of approximately 122
sss times compared to the conventional numerical homogenisation. This shows that the conventional numerical
homogenisation entails a substantial computational burden, making it impractical for the inverse design
framework. However, the utilisation of reduced order model has greatly reduced the computational cost to an

acceptable wallclock time.

Table 4: Comparison of wallclock times for Figure 8(a) with effective properties being repeatedly calculated for 5,000 times.

Wallclock time (s) Acceleration
Full order model using conventional homogenisation ~282,000 N/A
Reduced order model in the online phase 2,303 122

5. Conclusions

so In order to tailor effective properties of 3D hybrid woven composites through the selection of constituent
materials, we propose an efficient inverse design framework to replace the trial-and-error approaches. This
framework employs a genetic algorithm as an optimiser to automatically search for optimal combinations of
constituent materials, while utilising a rapid PGD-based reduced order model to replace the conventional
multiscale method for the forward prediction of effective properties. A case study on 3D orthogonal woven

ssscomposites, which involves a design space of one million potential combinations of constituent materials, was
used to verify the proposed inverse design framework. The results demonstrate that the framework can
efficiently identify optimal solutions within the vast design space by increasing computational efficiency of
material characterisation. Furthermore, after having addressed the design of stiffness, these optimal solutions
can be used to define a reduced design space to further consider more complex mechanical behaviour such

s0  as strength.
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