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Abstract

This review shows the potential of using the Representative Volume Element concept for the

multi-scale simulation of 3D woven high performance thermoset composites manufactured using

the Resin Transfer Molding (RTM) process.

Based on the reviewed state of art, this work unleashes the 5 most promising areas for future

research that could advance the RTM process optimization.

Area 1: Developing polymer constitutive models databases that rely on the experimental data at

all ranges of degrees of cure and temperatures involved in the RTM process. Area 2: Verifying the

accuracy of simulation tools on complex parts made of different preform types. Area 3: Increasing

computational efficiency of degree of cure- and temperature-dependent viscoelastic constitutive

models accounting for the stress relaxation. Area 4: Increasing computational efficiency of the

multi-scale homogenization procedure. Area 5: Standardizing experimental measurements during

different phases of the RTM process.

Keywords: multi-scale modeling, process optimization, homogenization, 3D woven composite,

resin transfer molding

1. Introduction

Resin Transfer Molding (RTM) is a closed mold process used to manufacture geometrically

complex high-performance 3D woven fiber reinforced polymer composites for structural applications

in aerospace, marine and automotive industries. The RTM process consists in three major steps: (1)

injecting a pressurized and heated liquid thermoset polymer into a dry fibrous preform, (2) curing

the impregnated system at elevated temperatures until its full consolidation and (3) cooling and

Preprint submitted to Elsevier February 18, 2023



demolding of the consolidated composite part. Figures 1(a), (b) and (c) schematize the injection,

the curing and the cooling and demolding phases of the RTM process, respectively.

Predictive tools simulating the RTM process have been developed to help optimizing the

manufacturing parameters yielding high quality parts and minimizing expensive trials and errors

[2–4]. Figure 2 presents the hierarchy of scales of the 3D woven composite part illustrated in Figure

2(a). Figure 2(b) shows that, at the meso-scale, the composite part is made of tows and of a

polymer matrix. Figure 2(c) details that, at the micro-scale, the tows are assumed to be made of

bundles of fibers embedded into a polymer matrix. All of these multi-scale features interact with

each other and influence the overall part performance. Therefore, an accurate simulation of the

RTM process requires a multi-scale procedure [5, 6].

In multi-scale methods, the micro- and meso-scale responses are homogenized and their average

response is used for macro-scale simulations. The approach assumes an explicit representation of

the micro- and meso-structure using the concept of Representative Volume Element (RVE) [7].

RVEs can be ‘artificial’ statistically representing microstructures [8–11] or ‘real’ representations

reconstructed from Computed Microtomography (µCT) [12–14] data.

The goals of this review are to show the potential of using the RVE of 3D woven composites

concept to simulate the RTM process and to unleash promising areas for future research that

together serve the goal of process optimization. The review is organized as follows: Section 2

recalls the concept of the RVE and the homogenization procedure. Section 3 details the types

of 3D weave architectures and the generation of their RVEs at the meso-and micro-scales. The

works simulating injection, curing, cooling and demolding stages are given in Sections 4, 5 and 6,

Injection

MPa

CoCo

Cooling and demolding

Co

Curing

Co

Dry preformLiquid resin Mold upper/lowers parts Impregnated part Consolidated part

(a) (b) (c)

Figure 1: The steps of the RTM process: (a) injecting a pressurized liquid thermoset polymer into a dry fibrous

preform, (b) curing the impregnated system at elevated temperatures until its full consolidation and (c) cooling and

demolding of the consolidated composite part.
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Composite part

Macro-scale
Matrix (polymer) Reinforcement made of tows Fibers embedded in a matrix

Meso-scale Micro-scale

(a) (b) (c)

7μm⦰

Figure 2: The hierarchical structure of (a) a jet engine 3D woven composite fan blade (GE90-115B) [1](b) at the

meso-scale consists of a polymer matrix and reinforcement made of (c) bundles of fibers embedded into a polymer

matrix.

respectively. Section 7 summarizes the state of the art in the RTM process optimization. Finally,

concluding remarks, challenges, and future opportunities are presented in Section 8.

The modified Voigt notation has been used in our paper. Second-order tensors are defined as six

component vectors and symmetric fourth-order tensors are defined as 6 × 6 matrices. Scalars are

expressed as light-faced letters (i.e., a, α and A), second order tensors are represented by boldfaced

lowercase Greek letters (i.e., σ), and fourth-order tensors are represented by boldfaced capital

Roman letters (i.e., C).

2. The concept of the RVE and the homogenization procedure

The homogenization procedure relies on the concept of the Representative Volume Element

(RVE) introduced by [15] who postulated that the RVE (i) is a volume large enough to be statistically

representative of a heterogeneous material; (ii) possesses a constitutive response which is independent

of the applied boundary conditions.

RTM manufactured textile composites effective properties are usually obtained through a two-

step homogenization strategy using the concept of RVE. First, a homogenization at the micro-scale

computes the properties of tows and then a second homogenization procedure results in the overall

properties of the composite [5, 6].

2.1. Homogenization of the thermo-chemo-mechanical properties

For linearly thermo-elastic composites, the macroscopic effective thermo-mechanical constitutive

behavior is written as [15, 16]:
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⟨σ⟩ = Ceff :
(
⟨ε⟩ −αeff∆T

)
, (1a)

⟨ε⟩ = Seff : ⟨σ⟩+αeff∆T, (1b)

where ⟨· · ·⟩ represents volume averaging, Ceff and Seff are the effective stiffness and compliance

tensors, αeff is the effective coefficient of thermal expansion (CTE), ∆T is a temperature change,

σ and ε are the stress and the strain fields inside the RVE, respectively.

The homogenization of the thermo-mechanical properties can be performed analytically using,

for example, the Mori-Tanaka scheme detailed in [17], or numerically. The numerical homogenization

of mechanical properties (Ceff ) is usually performed by applying a set of six isothermal (∆T = 0)

strain loadcases (three uniaxial tension and three shear) using periodic boundary conditions (PBC)

[18–20]. On the one hand, the numerical homogenization of thermal properties (αeff) can be

performed by applying a uniform temperature change ∆T while assuming that the surfaces of

the RVE are traction free and the nodes on the opposite faces of the RVE coupled using PBC

[21]. On the other hand, if the material is assumed to be linearly thermo-elastic, computing αeff

can be performed from the results of isothermal mechanical simulations only, as shown in [22, 23].

Note that the steps for computing αeff are equivalent to the steps for computing the effective

coefficient of chemical shrinkage (CCS, βeff). Details on using homogenization to compute the

thermo-chemo-mechanical properties for 3D woven composites at multiple scales are given in [7, 23].

2.2. Homogenization of the permeability in porous media between the fibers

The macroscopic effective permeability is based on Darcy’s law:

⟨v⟩ = −keff

µ
· ⟨∇p⟩, (2)

where v is the fluid velocity vector, keff is the second order permeability tensor containing three

principal components, µ is the fluid viscosity, ∇ is the gradient, · is the dot product and p is the

pressure coupled with the condition of incompressibility:

∇ · v = 0. (3)

The homogenization of the permeability can be performed analytically as in [24, 25] or numerically

[26, 27]. The numerical homogenization of permeability (keff) can be performed by applying three

loadcases (pressure gradients along three global axes) while the opposite faces of the RVE are
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coupled using PBCs [28]. Next, the Stokes equation is solved to find the average flow velocity

⟨v⟩ which is then back-substituted into Darcy’s law for computing the permeability tensor. Note,

in the RTM process where the flow is strongly laminar with typical velocities of 10−3 m/s and

Reynolds number of about 0.05, the Navier-Stokes equation converges to its linear version, the

Stokes equation [29].

2.3. Discussion

For the case of unidirectional composites with high volume fraction of fibers (usual representation

of the tow structure at the micro-scale), Khan and Muliana [30], and Zarandi et al. [31] have shown

that analytical schemes are accurate tools for estimating αeff and βeff while keff and mechanical

properties need to be homogenized numerically. For the case of complex reinforcement geometries,

such as that of 3D woven composites at the meso-scale, analytical homogenization schemes might

result in discrepancies as high as ∼ 95%, and thus numerical homogenization is required to predict

the composite’s effective properties [32, 33].

3. Generation of RVEs of weave architectures at the meso-and micro-scales

3D reinforcement architectures are, generally, subdivided into interlock and orthogonal weaves

having different types of tows constituted of thousands of aligned fibers [34–36]. Interlock architec-

tures are classified as layer-to-layer and through-the-thickness which include warp (longitudinal)

and weft (transverse) tows changing layers at specific points ensuring the connection of the layers.

Layer-to-layer architectures feature the interlacing between two successive layers while through-the-

thickness architectures include tows that can pass through more than two layers. Figures 3(a) and

3(b) schematize layer-to-layer and through-the-thickness interlock architectures, respectively, with

3

Warp tows

Weft tows

Highlighted weft tow

(a)

Warp tows

Weft tows

Highlighted weft tow

3

(b)

Warp tows

Weft tows

Binder tow

3

(c)

Figure 3: Schematic representation of 3D reinforcement architectures: (a) layer-to-layer interlock, (b) through-the-

thickness interlock and (c) orthogonal. Interlock architectures have two types of tows, warp and weft, while the

orthogonal architecture features an additional binder tow.
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the highlighted tow visualizing the interlacing path emphasizing the difference between patterns.

Figure 3(c) schematizes the orthotropic weave pattern. Orthogonal architectures include warp, weft

and binder tows and manufactured such that in-plane tows (warp and weft) are tight together by

orthogonal tows (binder) through the thickness.

3.1. RVEs representing 3D woven structures at the meso-scale

3D woven textiles feature a repeated architecture which can be simulated using the RVE.

Accurate multi-physics computations using the RVE concept require realistic representations of

the tow path and the associated cross sections all along the tow, as well as the intra-tow fiber

volume fraction [37, 38]. Over the years, researchers developed many methods to generate RVEs

of as-woven geometries which are summarised, for example, by Wielhorski et al. [39], and Gereke

and Cherif [40]. Here, we follow the notation of Wielhorski et al. [39] who categorized modeling

strategies as the predictive and the descriptive ones.

3.1.1. Predictive modeling of the as-woven geometry

Predictive models simulate weaving pattern evolution from its initial state with straight tows

to an as-woven geometry using geometrically-based algorithms or incorporating tows mechanical

constitutive models. The tow can be modeled as a homogeneous continuum media or represented

as a bundle of virtual fibers [41]. The tows mechanical behavior can be described with hyper-elastic

[42, 43] or hypoelastic [44–46] constitutive models allowing for the simulation of large displacements

and large shear angles that tows exhibit. Here we give examples of software that use different

principles for generating the RVEs architectures using predictive modeling.

TexGen is the open source software developed at the University of Nottingham for generating

RVEs based on the local geometrical description of the tows path and cross-sections [47, 48].

Figures 4(a) and 4(b) show examples of meso-scale RVEs generated with the TexGen software

simulating layer-to-layer and through-the-thickness weaves, respectively. TexGen allows for the

simulation of varied tows cross-sections which can be, for example, measured experimentally.

However, geometrical modelling does not take into account the physics of the weaving process and

is based on either detailed knowledge of the structure, which is not always available, or assumptions

that may result in idealized geometries.

WiseTex is the software developed at KU Leuven that builds RVEs minimizing the bending

energy of the tows [49]. A user inputs the weave pattern, tows spacing, tows properties such as
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(a) (b) (c)

Figure 4: Examples of meso-scale RVEs generated with predictive models: (a) layer-to-layer interlock; (b) through-

the-thickness interlock and (c) orthogonal weaves. Figures (a) and (b) were generated using TexGen while (c) was

developed using Digital Fabric Mechanics Analyzer (DFMA).

cross-section geometry, bending rigidity, transverse compressive stiffness and the software computes

polynomial coefficients describing the tows path and the ratio of the major to minor axes of the tows

cross-section. The approach is based on mechanical principles. However, the major difficulties lie

in defining tows bending rigidity and transverse stiffness. Moreover, an assumption of the idealized

tows cross-section may generate RVEs with the fibers volume fractions that are not in line with

those experimentally measured [50].

Digital Fabric Mechanics Analyzer (DFMA) is the software developed at the Kansas State

University that builds RVEs minimizing the energy required to deform bundles of fibers constituting

tows into the final weave architecture [51, 52]. Figure 4(c) presents an example of meso-scale

RVEs generated with the DFMA software simulating the orthogonal weave. Initially, straight

homogeneous tows representing a weave pattern are assumed to be in tension. The structure is then

sequentially discretized into a bundles of fibers and relaxed until all nodal forces are in equilibrium

and all nodal velocities approach zero. The approach simulates the weaving procedure and results

in realistic RVE architectures. However, the difficulty lies in removing tows interpenetrations which,

usually, requires considerable post-processing efforts [53].

3.1.2. Descriptive modeling of as-woven geometry

Descriptive models construct RVEs by converting a set of µCT images into a numerical

representation. The process of converting includes the segmentation of the composite constituents
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(different types of tows and polymer matrix) and computation of the tows local orientations.

The segmentation could be performed by discretizing a scanned specimen into voxels (cubic

sub-volumes) that are featured with an orientation vector, the degree of anisotropy ranging from 0

for isotropic components to 1 for anisotropic components and the averaged grey value describing

the constituent computed with the structure tensor [54–56]. The voxels are then thersholded [55],

clustered using k-means [55] or classified using the Gaussian Mixture Model (GMM) [56].

Figure 5 shows the results of segmentation using thresholding and k-means clustering of a 3D

woven orthogonal composite µCT image reported by Straumit et al. [55]. Figure 5(a) presents the

µCT image of a composite containing the warp, the weft and the binder tows, the matrix and the air.

Figures 5(b) and 5(c) detail the results of a segmentation by thresholding the degree of anisotropy

and by k-means clustering by the degree of anisotropy and warp component of the orientation

vector, respectively. Straumit et al. concluded [55] that thresholding was rather impractical as it

was not capable of distinguishing between the types of tows because of the ring artifacts (local

distortion in the vector field near the center of the ring structures) originated from the µCT. The

authors reported that the k-means clustering performed better allowing for separating the different

(a) (b) (c)

Figure 5: The results of segmentation using thresholidng and k-means clustering published by Straumit et al. [55]:

(a) a µCT image, (b) the segmentation by thresholding the degree of anisotropy and (c) the segmentation by k-means

clustering by the degree of anisotropy and warp component of the orientation vector. Reprinted from Composites

Part A: Applied Science and Manufacturing, 69, I. Straumit, S. V. Lomov, M. Wevers, Quantification of the internal

structure and automatic generation of voxel models of textile composites from X-ray computed tomography data,

150-158, Copyright (2015), with permission from Elsevier.
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types of tows and the matrix while failed to recognize the air as a separate component.

Figure 6 shows the results of segmentation using a GMM model of a 3D woven orthogonal

composite specimen reported by Liu et al. [56]. Figure 6(a) presents the µCT-based 3D model of

a composite containing the warp, the weft and the binder tows (the matrix was hidden). Figure

6(b) details the results of a segmentation by a GMM model. Liu et al. concluded [56] that their

procedure successfully identified the matrix, the weft and the warp tows, while failed to predict the

binder’s path and its thickness variation along the path. The authors reported that increasing the

accuracy may require additional manual post-processing.

The segmentation could also be performed using machine learning and neural networks. Ali et

al. [58] developed a procedure based on the deep convolutional neural network to generate a 3D

woven structure with orthogonal weave from µCT images and compared predicted volume fractions

of warp, weft and binder tows, and pores against those measured in a real structure. Ali et al.

reported differences smaller than 5% for all features, except the binder tows for which an error was

found to be ∼ 30%. However, neural networks require training data sets which involves significant

manual work associated to the post processing of µCT images. To overcome this problem, Mendoza

et al. [57] proposed training neural networks on artificial data sets created using Finite Element

(a) (b)

Figure 6: The results of the segmentation using a GMM model reported by Liu et al. [56]: (a) a µCT 3D model of

a composite sample, (b) a reconstructed model. Reprinted from Composite Structures, 179, Y. Liu, I. Straumit,

D. Vasiukov, S. V. Lomov, S. Panier, Prediction of linear and non-linear behavior of 3D woven composite using

mesoscopic voxel models reconstructed from X-ray micro-tomography, 568-579, Copyright (2017), with permission

from Elsevier.
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(FE) simulations that allow for generating large annotated data without manual work. Figure 7(a)

shows the µCT-based 3D model of a composite containing the warp and the weft tows while Figure

7(b) depicts the reconstructed numerical model. Mendoza et al. compared tow paths (using the

Haussdorf metric) and intra-tow volume fractions predicted numerically against those measured

experimentally of the 3D woven composite featuring the layer-to-layer weave. Authors concluded

that the vast majority of tows have rather small Haussdorf distances (< 0.5) with very few outliers

while predicted intra-tow volume fractions were less accurate as they ranged from 55% to 90%

when in reality it is difficult to exceed 70–75%. Simultaneously with solving the segmentation

problem, the procedure of Mendoza et al. [57] described each tow using the respective key points

which allowed for constructing a conformal FE meshing presented in Figure 7(c).

3.2. RVEs representing tows at the micro-scale

In reality, the bundles of fibers constituting tows are distributed irregularly [59, 60]. However,

it is common to idealize the structure as straight cylinders with ellipsoidal cross-sections having

hexagonal, square or random packings. For illustration purposes, Figures 8(a), 8(b), 8(c) schematize

bundles of fibers inside the tows and their corresponding RVEs for a hexagonal packing having a

volume fraction of fibers of 40%, a square packing having a volume fraction of fibers of 40% and a

random packing having a volume fraction of fibers of 25%, respectively.

The choice of an idealized packing depends on the fibers volume fraction which is, usually,

in the range of ∼ 60% to ∼ 75% for 3D woven composites [61]. For a periodic RVE containing

cylinders with circular cross-section, the hexagonal packing allows for the highest densities, up to

(a) (b) (c)

Figure 7: The results of the segmentation using neural networks reported by Mendoza et al. [57]: (a) a µCT 3D

model of a composite specimen, (b) a reconstructed model and (c) the resulting FE surface mesh of the reinforcement.

Reprinted from Composites Science and Technology, 213, A. Mendoza, R. Trullo, Y. Wielhorski, Descriptive modeling

of textiles using FE simulations and deep learning, 108897, Copyright (2021), with permission from Elsevier.
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(a) (b) (c)

Figure 8: Schematic representations of bundles of fibers inside the tows and their corresponding RVEs for (a) a

hexagonal packing having a 40% of fibers volume fraction, (b) a square packing having a fiber volume fraction of

40% and (c) a random packing having a fiber volume fraction of 25%.

∼ 90.6%, while the square packing is limited to ∼ 78.5% and the random packing to ∼ 65% [62].

The effects of fiber packing arrangements (hexagonal, square and random) on the overall elastic

properties, CTE and von Mises stress predictions for fiber volume fractions ranging from 10% to

60% are discussed in [59, 63]. For the effective elastic properties, Huang et al. [59] showed that

hexagonal and random packings are in a good agreement for the whole range of considered volume

fractions while the square packing results in discrepancies that are growing progressively with the

volume fractions, up to ∼ 20%, and results in a transverse anisotropy. In the case of CTE, the

predictions from all arrangements were found to be in an excellent agreement [59].

Building RVEs for the hexagonal and square packing is straightforward, while generating RVEs

for random distributions requires packing algorithms that are well established in the literature and

include, for example, Molecular Dynamics (MD) based algorithms [64–66], the random sequential

adsorption (RSA) algorithm [67], Monte-Carlo simulation based algorithms [18], collective rear-

rangement methods (CRM) [8, 11] and random sequential expansion (RSE) algorithms [68]. Park et

al. [62] presented a new approach for simultaneously generating RVEs with fiber volume fractions

ranging from 5% to 65%. The authors proposed generating RVEs by randomly removing fibers

from a so-called master RVE having the highest fibers content to reach the target volume fraction.
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Park et al. generated a master RVE consisting of 100 fibers and 65% of fiber volume fraction using

the RSE algorithm and were randomly eliminating fibers to match the predefined volume fractions

ranging from 60% to 5%. The developed approach by [62] allows creating only one FEM model of

the master RVE from which other FEM models can be constructed simply reassigning properties

of fibers to those of the matrix. This procedure could speed up the RTM process simulations

when tows consisting as-woven geometry are modelled with non-uniform cross-sections resulting in

non-uniform local fiber volume fractions. The FE computations of RVEs representing tows with a

non-uniform local fiber volume fraction would therefore require constructing only one master RVE

which could be beneficial especially for large number of FEs.

3.3. Discussion

Accurate numerical representation of textiles’ multi-scale geometries requires significant manual

work, otherwise geometries are idealized. With a maturity of image post-processing using machine

learning and neural networks, generating RVEs based on experimental observations could be a

promising way to accurately represent as-woven geometries on multiple scales.

Constructing RVEs for subsequent process simulations requires accurate representations of the

tow’s path, it’s cross-section, local fibers volume fraction and a robust meshing strategy. The

complexity of the meshing step is defined by the approaches used at earlier stages. Currently, the

majority of progress deals with the individual steps while only a few works provided a complete

procedure creating ready-to-run RVEs [69]. Integrating solutions of each step into a single chain,

where every step could be tuned, would allow computing uncertainties and errors that can be

further optimized.

4. Simulation of the injecting phase of the RTM process

Figure 9(a) schematizes the liquid resin injection into the fibrous preform during the in-mold

phase of the RTM process at the macro-scale. The resin injection and the voids formation at the

macro-scale are usually modeled with numerical tools like PAM-RTM, Liquid Injection Molding

Simulation (LIMS), RTM-Worx or an open source OpenFoam [2, 70–73] that are based on Darcy’s

law. When Darcy’s law (Equation (2)), is coupled with the condition of incompressibility (Equation

(3)) the complex interactions between the polymer and the preform are characterized by the

kmacro whose accuracy defines the validity of the injection simulations. In 3D interlocks, accurate
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Mold

Preform

Liquid resin

Idealized inter-tow flow Idealized intra-tow flow

tow fiber

(a) (b) (c)
macro-scale meso-scale micro-scale

Figure 9: Schematic representation of a liquid resin injection into a fibrous preform during the in-mold phase of the

RTM process. The flow is classified as: (a) macroscopic at the part’s level; (b) inter-tow at the meso-scale and (c)

intra-tow at the micro-scale.

determination of full permeability tensor kmacro (with its skew terms) is especially important since

the flow principal directions are often not obvious to determine.

A dry preform is considered as a dual scale medium and, thus, the flow is classified as inter-tow

between the tows sketched in Figure 9(b) and intra-tow inside the bundles of fibers schematized in

Figure 9(c) [74, 75]. Prediction of the kmacro accounting for a dual scale medium is mathematically

justified in [28, 76–78] and includes computation of the tows permeability at the micro-scale which

is then input into the final simulations at the meso-scale.

4.1. Permeability predictions at micro-scale

At the micro-scale, Karaki et al. [27] performed a detailed comparison of analytical and numerical

predictions of tows longitudinal (ktow
L ) and transversal (ktow

T ) components of the permeability tensor

against available experimental data. The authors considered seven analytical models predicting

ktow
L and seventeen model estimating ktow

T . Karaki et al. [27] considered systems having fibers

volume fraction ranging from 10% to 77%, and from 11% to 55% for the ktow
L and ktow

T , respectively.

The range of considered volume fraction was constrained by the availability of the literature data.

Karaki et al. [27] showed that the analytical models of Tamayol and Bahrami [79], and Cai and

Berdichevsky [80] using a square fiber packing resulted in discrepancies smaller than ∼ 6% for the

whole range of volume fractions. Also, Karaki et al. [27] showed that the analytical models of Cai

and Berdichevsky [80], Gebart [81], Drummond and Tahir [82], and Kuwabara [83] using hexagonal

fiber packing resulted in discrepancies smaller than ∼ 10% for the whole range of volume fractions.

Zarandi et al. [31] compared tow permeability components computed numerically against those

predicted by eighteen analytical models and measured experimentally. Zarandi et al. considered
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systems having fibers volume fraction of 50%, 55% and 60%. For the ktow
L , Westhuizen and Du

Plessi model [84] resulted in the lowest discrepancy of ∼ 40% as compared to the measured value,

while the best numerical prediction resulted in ∼ 30% of discrepancy. For the ktow
T , Bruschke-Advani

[85] resulted in the lowest discrepancy of ∼ 10% as compared to the measured value, while the

best numerical prediction resulted in ∼ 7% of discrepancy. Note that Zarandi et al. reported a

discrepancy of ∼ 20% between two measured transverse components which limits the accuracy of

considered analytical models as they assume their equivalence.

From the comprehensive overviews of Karaki et al. [27] and Zarandi et al. [31], it can be

concluded that there is no single analytical model that can predict both ktow
L and ktow

T at all levels

of fibers volume fractions.

4.2. Permeability predictions at meso-scale

At the meso-scale, Bodaghi [86] presented a comprehensive review on the variability of a preform

permeability highlighting the importance of a realistic representation of the as-woven geometries

including such parameters as compaction, fiber volume fraction, fiber rearrangements, tow shape

and spacing etc. The availability of numerical tools generating textiles RVEs enabled a significant

number of works predicting permeability tensors of various types of weaving architectures [87–89].

Swery et al. [90] compared numerical estimations of permeability using WiseTex generated RVEs of

various textiles against the second permeability benchmark exercise [91]. The authors computed up

to ∼5 times higher values of permeability tensor components than those measured experimentally

and, as a result, suggested that improving the simulation validity requires more accurate local

representations of a textile architectures accounting for nesting and tows deformations. Swery et

al. [92] numerically studied the effects of the number of layers, ply shift and applied compaction

on permeability, isolating the influence of individual parameters. The authors concluded that the

tow gap width had the most important influence on the permeability followed by the local textile

deformations.

Ali et al. [93] generated as-woven geometries of orthogonal and angle interlock composites from

X-ray micro-computed tomography (XCT) images to predict out-of-plane permeability tensors

components for different compaction levels of the same textile having volume fractions of 47%, 58%,

61% and 67%. The authors compared their predictions against experimental data of Alhussein et

al. [94] and reported an average discrepancy of 25%. The authors showed that orthogonal preforms

experience greater resistance to compaction, when compared to angle interlock preforms, which
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resulted in higher out-of-plane permeability tensors components.

Ali et al. [95] extended their previous study [93] and computed in-plane permeability tensor

components using commercial software GeoDict. Ali et al. measured in-plane permeability tensor

components using the constant injection pressure radial flow method and compared their values

against those predicted numerically. The most significant discrepancies 372% and 98%, were

found in the case of the lowest considered compaction level of 47% for longitudinal and transverse

components, respectively. The most accurate predictions were reported for the compaction level of

61% resulting in a discrepancy smaller than ∼ 2% for both longitudinal and transverse components.

For the rest of compactions (58% and 67%), the relative errors were no more than ∼ 30% for both

components. Using fluid flow visualization, Ali et al. showed that the polymer traveled through

the inter-tow channels, the size of which depend on the compaction level, until blocked by the

binder tow. The authors concluded that the local geometrical parameters of an as-woven geometry,

such as the sizes of the inter-tow channels and the shape of the binder tow, played a vital role in

determining the overall in-plane permeability values highlighting the importance of realistic textile

representation.

Ali et al. [96] reconstructed orthogonal as-woven geometry from XCT images and predicted

all components of permeability tensor of a 3D angle interlock composite at different compaction

levels, namely 50.6%, 53.34% and 56.4% using commercial software GeoDict and compared their

predictions against measured values of Alhussein et al. [94]. In the case of transverse and longitudinal

components, the most significant discrepancies of up to one order of magnitude were found in

the case of the smallest compaction level of 50.6% for both, while computed values for the rest

of compaction levels were quantitative having ∼ 10% of accuracy. Ali et al. [96] suggested that

the error was due to the difference in the specimen size which was smaller than that of Alhussein

et al. [94]. Another source of errors could be the fact that Ali et al. [96] neglected the intra-tow

flow in their simulation which could be more relevant for higher compaction levels. In the case of

out-of-plane components, simulations were able to quantitatively predict measured values with a

relative error of less than 10%.

4.3. Discussion

The validity of permeability predictions highly depends on the realistic as-woven geometry

representation using RVEs at multiple scales and standardized numerical approach. The level of

fidelity in RVEs needs to be identified by performing experimentally validated parametric studies
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computing key micro- and meso-structural parameters that influence the accuracy of the simulations

the most. Only limited works showed sensitivity analyses to evaluate the influence of the local RVE

geometry on the prediction of the overall permeability [92, 97]. Recent international benchmarks

on the image-based permeability predictions showed that computed by different research groups

values could significantly scatter. For the case of micro-scale predictions, the scatter of up to two

orders of magnitude was reported in [98, 99], which was reduced to 14% and 25% for longitudinal

and transverse permeability respectively after the elimination of inconsistent results. Therefore,

international benchmarks indicate a need for standardization of numerical predictions.

At the same time, international benchmark exercises on in-plane [91, 100, 101] and out-of- plane

[102] permeability components measurements show that the obtained values by different research

groups significantly scatter (up to 44% for the in-plane and up to several order of magnitudes for

the out-of-plane) and, therefore, reliable measurements require further standardization.

Therefore, combined progress in realistic representation of as-woven structure at multiple scales

and standardized numerical and measuring procedures would allow for a more rigorous comparison

between numerical predictions and experimental data.

5. Simulation of the curing phase of the RTM process

Figure 10 shows a schematic representation of the curing phase of the RTM process. Figure 10(a)

details a fully impregnated macroscopic part being subjected to pressure and temperature cycles.

Figure 10(b) presents a typical pressure, temperature and degree of cure evolution (computed with

the Kamal-Sourour model discussed in [7]) during the curing phase of the RTM process. Based on

the pressure evolution, the process can be divided into two stages: the application of a consolidation

pressure pcon to maintain the pressure level ((3) in Figure 10(b)) and the reduction of the part/mold

adhesion leading to a pressure decrease towards atmospheric pressure patm ((4) in Figure 10(b)).

Based on the temperature evolution, the process can be divided into two stages: curing with a

temperature ramp starting at injection temperature T inj ((2) in Figure 10(b)) followed by a dwell

at T dwell ((2) in Figure 10(b)). In Figure 10(b)(b), tinj is the injection time, tcure is the time from

the start of an injection until the end of curing and tcool is the time from the start of an injection

until the end of cooling and demolding phase.

A complex time and temperature dependent process during the curing phase generates residual

stresses build-up that might eventually lead to geometrical distortions of a part when demolded.
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Figure 10: Schematic representation of the curing phase of the RTM process: (a) a fully impregnated macroscopic

part is subjected to pressure and temperature cycles; (b) a common pressure, temperature and degree of cure

evolution during the curing phase of the RTM process. Based on the pressure evolution, the process can be

divided into two stages: the application of a consolidation pressure pcon to maintain the pressure level and the

reduction of the part/mold adhesion leading to a pressure decrease towards atmosphere pressure patm. Based on

the temperature evolution, the process can be divided into two stages: curing with a temperature ramp starting at

injection temperature T inj followed by a dwell at T dwell. In Figure (b), tinj is the injection time, tcure is the time

from the start of an injection until the end of curing and tcool is the time from the start of an injection until the end

of cooling and demolding phase. The evolution of the degree of cure was computed with the Kamal-Sourour model

as discussed in [7].
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The residual stresses mainly result from the dissimilar fibers and polymer coefficients of thermal

expansion, the polymer cure shrinkage and the polymer evolution from a viscous liquid to a

viscoelastic solid when crossing the gelation point (αgel) [103–109]. The application of a consolidation

pressure during curing potentially limits pore growth and collapses existing voids that reduce the

part’s quality [110–112]. For the case of a pure polymer, Pupin et al. [112] proposed applying

a consolidation pressure when the polymer’s loss and storage moduli are equal, which is usually

corresponding to a degree of cure ranging from 85% to 93% to avoid the creation of harmful

porosities. However, for the case of composites, the presence of a reinforcement generates a

heterogeneous pressure transmission within the part and may reduce the effect of a consolidation

pressure, thus increasing porosity inside the composite [113].

Loos et al. [114] and Svanberg et al. [115] developed a sequentially modular approach to simulate

the thermo-chemo-mechanical phenomena involved during the RTM process. The approach starts

by computing temperature and degree of cure evolution within the part during the RTM process

using coupled thermo-chemical models [104, 116]. The resulting time dependent temperature and

degree of cure distributions are input as solution-independent conditions into a constitutive model

computing the total strain response εtot of a 3D woven composite as [4, 117]:

εtot = εmech + εnon-mech, (4)

where εmech are mechanical strains and εnon-mech = εnon-mech
CCS +εnon-mech

CTE , where εnon-mech
CCS and εnon-mech

CTE

are the stress free strains associated to the chemical shrinkage and thermal expansion, respectively.

Computing εtot at the macro-scale requires a robust time, temperature and degree of cure

dependent thermo-chemo-mechanical constitutive model of a polymer and an efficient two step

homogenization procedure, as detailed in Section 2.

Researchers reported that, before αgel, the resin is compliant enough to immediately relax residual

stresses [118–120]. Consequently, thermo-chemo-mechanical constitutive models are applicable for

degrees of cure higher than that of αgel.

Fibers constituting tows are usually assumed as linearly elastic while the polymer matrix has

been assumed to obey various constitutive models that accounted for the different thermo-chemo-

mechanical phenomena active during the RTM process that are discussed, for example, in Zobeiry

et al. [121].

The Cure Hardening Instantaneously Linear Elastic (CHILE) [122] model accounts for a
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temperature and degree of cure dependency of the elastic modulus. Wang et.al [123] used a multi-

scale approach to compute the residual strains inside a L-shaped layer-to-layer interlock composite

part during curing starting at a degree of cure of 25% and compared predicted strains against those

measured with Fiber Bragg Grating sensors. Wang et.al [123] simulated mechanical behavior of a

resin using the CHILE model with a constant Poisson’s ratio while the non-mechanical behavior

was assumed to be linearly dependent on the temperature and degree of cure. At the micro-scale,

fibers were assumed to have hexagonal packing in the polymer matrix and the thermo-mechanical

properties of tows were homogenized numerically, as discussed in Section 2.1. At the meso-scale,

authors used custom geometrical modeling of the RVE assuming a straight path for the tows and

constant octagonal-shaped tow’s cross-sections. The curing phase was simulated by applying a

temperature cure cycle. The authors reported qualitative predictions of the strain evolution in

the longitudinal direction for the whole curing stage and quantitative predictions for the degrees

of cure larger than ∼ 80 % with an average relative error of ∼ 10%. Increasing accuracy might

require more realistic representations of the as-woven geometry and a more complex constitutive

thermo-chemo-mechanical model of a pure resin.

Detailed benchmarkings of different elastic and viscoelastic constitutive models simulating

residual stresses were reported in [4, 117, 121, 124]. It was shown that, since the CHILE model

neglects creep and relaxation effects, it might be reliable in predicting only the final process-induced

warpage and residual stress/strain state, for materials and cure cycles where the elastic modulus

monotonously increases (i.e., no devitrification or softening response). Consequently, the accurate

prediction of internal stresses evolution during the RTM process requires complex viscoelastic

constitutive models.

Linearly viscoelastic constitutive models based on the framework of the thermodynamics of

irreversible processes [125–127] were widely used in multi-scale simulation predicting creep and

relaxation behavior of various composites [128–132]. However, the curing phase is associated with

the degree of cure evolution and, therefore, needs to be included. Courtois et al. [133] developed a

degree of cure- and temperature-dependent viscoelastic constitutive model for epoxy resins below

their glass transition temperature (Tg). This model was extended to simulate creep strains below

the resin’s Tg in a 3D interlock composite [134]. Trofimov et al. [7] extended the work of Courtois

et al. [134] and developed a multi-scale anisotropic thermo-chemo-viscoelastic simulation procedure

below and above Tg for predicting stresses and strains in a non-flat layer-to-layer composite during
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the curing and post-curing phases of the RTM process. For a pure resin, Trofimov et al. [7] assumed

a degree of cure- and temperature-dependent viscoelastic constitutive mechanical model with a

constant Poisson’s ratio while the non-mechanical behavior was assumed to vary linearly with

respect to the temperature and degree of cure. At the micro-scale, fibers were assumed to have a

hexagonal packing in the polymer matrix and the thermo-mechanical properties of the tows were

homogenized numerically, as discussed in Section 2.1. At the meso-scale, Trofimov et al. used

WiseTex to generate the RVE and the curing phase was simulated by applying a curing temperature

profile similar to that of Figure 10. In the work of Trofimov et al. [7], the simulation procedure

was validated experimentally against the measured distortion of the demolded part (discussed in

Section 7). Strains at the curing phase were not measured, however.

Trofimov et al. [135] developed a computationally efficient multi-scale thermo-chemo-mechanical

procedure combining up-scale and resolved-scale simulations to predict the pressure evolution

inside a 3D woven composite part during the curing phase of the RTM process. The developed

procedure benefited from the linearity of a previously developed [134] anisotropic temperature- and

degree of cure-dependent thermo-chemo-viscoelastic constitutive law which allowed for relatively

fast predictions at different length-scales. The RTM process parameters were measured during an

actual 3D woven composite manufacturing, and used as a boundary conditions to the developed

procedure. The predicted pressure inside the polymer at different length-scales was used to compute

the polymer’s volume fraction where the pressure was lower than the threshold below which, as

shown by [112], the formation of porosities may occur. Trofimov et al. [135] did not validate

predictions against experimental data.

5.1. Discussion

Accurate multi-scale solid mechanics simulations rely on the experimentally measured thermo-

chemo-mechanical behavior of the polymer matrix for the range of degrees of cure and temperatures

involved in the curing phase. Currently, the experimental data sets are usually limited to fully

cured polymer or to very few partially cured specimens. To the best of our knowledge, there is no

work dealing with the influence of the local RVE geometry on the prediction of the strain/stress

development in 3D woven composites during the curing phase of the RTM process. Therefore, the

required accuracy in as-woven geometry reconstruction for reliable curing phase simulations is not

yet well quantified.

Interconnecting consolidation pressure and porosity requires in-situ pressure measurements
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inside the composite, which has not yet been performed. Moreover, pressure measurements would

help validating the numerical procedure developed by Trofimov et al. [135] which could be used in

optimizing manufacturing parameters and minimizing expensive trials and errors.

6. Simulation of the cooling and demolding phase of the RTM process

Figure 11 shows a schematic representation of the demolding phase of the RTM process. Figure

11(a) details a fully solidified part being released from the mold and cooled by natural convection

down to room temperature. Figure 11(b) shows a typical pressure, temperature and degree of

cure evolution during the demolding phase of the RTM process. At this stage, the part is fully

cured, under atmospheric pressure and it’s temperature is decreasing according to the prescribed

convection.

Simulating the cooling and the demolding phase is performed using the approach described in

Section 5 and mainly aims at predicting residual stresses and the part’s distortion.

Vasylevskyi et al. [136] compared longitudinal and transverse displacement components resulting

from residual stresses build-up during the cooling of 3D woven layer-to-layer and orthogonal

composites computed numerically against those measured by the hole drilling technique. Authors

compared displacements around the hole cutting the weft, the warp and binder tows (for orthogonal

geometry) as well the polymer matrix. For the pure polymer, Vasylevskyi et al. assumed a

temperature-dependent linearly thermo-elastic constitutive model with a constant Poisson’s ratio.

At the micro-scale, the fibers were assumed to be distributed randomly in the polymer matrix

and the thermo-mechanical properties of the tows were homogenized with an analytical micro-

mechanics approach. At the meso-scale, Vasylevskyi et al. generated RVEs with non-uniform tows

cross-sections using DFMA and performed cooling simulations by applying a linear temperature

drop from 165◦C to 25◦C as a boundary condition. The simulations resulted in qualitative and,

in some cases, quantitative predictions of displacement whose accuracy, mostly, increase with the

distance from the hole and exhibited discrepancies smaller than 5%. The discrepancies could come

from the assumption of no residual stress and strain build-up prior cooling, a simplified cooling

profile, an assumed linearly elastic temperature-dependent constitutive model and local interactions

of the reinforcing tows that are difficult to capture both experimentally and numerically.

Benavente et al. [117] compared the simulated and measured process-induced spring-in angle in

a L-shaped layer-to-layer 3D woven composite part. For the pure polymer, the authors assumed
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temperature-dependent viscoelastic mechanical models with constant Poisson’s ratio while the

non-mechanical behavior of the matrix was assumed to vary with temperature and degree of cure, as

suggested by Svanberg et al. [115]. At the micro-scale, the fibers were assumed to have a hexagonal

packing in the polymer matrix, and mechanical and non-mechanical properties were homogenized

numerically and analytically, respectively. At the meso-scale, the authors used WiseTex to generate

the RVE and the cooling phase was simulated by applying a temperature profile similar to Figure

11(b). A spring-in angle of 0.67◦ was predicted, while those usually measured experimentally under

the same conditions range from 0.5◦ to 2◦.

The multi-scale anisotropic thermo-chemo-viscoelastic approach developed by [7] (discussed

in Section 5) was used to simulate distortion in a non-flat 3D woven layer-to-layer composite

part exhibiting variation in properties and thickness. In the work of Trofimov et al. [7], the

contoured geometry of the manufactured part was digitized using an industrial optical 3D scanner

and compared against the developed multi-scale numerical predictions. It was found that the

presented approach was capable of qualitative and, in some cases, quantitative prediction. For

example, the relative difference between experimentally measured and predicted displacement was

around ∼ 2.8%. It was also observed that the numerical approach was able to capture specific

geometrical features as well as variations in thickness and properties of the part. The discrepancies

could come from the fact that the distortion in some areas was close to the equipment sensitivity.

Also, errors could be associated to an idealized RVEs at micro-and meso-scales or the effective

CTE and CCS that were approximated with piecewise functions neglecting a non-linear behaviour.
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Figure 11: Schematic representation of the demolding phase of the RTM process: (a) a fully solidified part is cooled

and released from the mold, led free standing and cooled by natural convection down to room temperature; (b) a

typical pressure, temperature and degree of cure evolution during the demolding phase of the RTM process. At this

last stage, the part is fully cured, under atmospheric pressure and the temperature is decreasing according to the

prescribe convection.
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6.1. Discussion

Recent studies have shown that the multi-scale simulations based on the concept of RVE are

capable of predicting process induced geometrical warpage in composites with simple macro-scale

geometry such as flat, L-shaped and U-shaped parts. However, one of the main advantages of the

RTM process is its ability to manufacture geometrically complex parts with variable thickness and

containing different fabrics. Variation in thickness may lead to a non-uniform local volume fraction

of fibers inside the tows, which has not yet been addressed at length in the literature. Different

fabrics would require considering multiple RVEs with transition zones, which implies that it could

be of interest to validate existing approaches on more complex cases. Finally, it could be interesting

to quantitatively interconnect the manufacturing parameters such as temperature cycle, etc., with

the final distortion for the optimization of the RTM procedure.

7. The RTM process optimization

The research works on optimization can be grouped into the on-line process control that use

in-situ monitoring to optimize the process during operation [137–141] and the process design opti-

mization that aims at finding design parameters leading to optimal objective functions quantifying

the RTM process [142, 143]. This work focuses on the latter as it benefits from the data that

could be computed using approaches discussed in Sections 3, 4, 5 and 6. The works reviewing

optimization algorithms and their applications to the process design optimization can be found

in [144–146]. To avoid repetition of previous works, we only introduce the state of the art in

the process design optimization which we then interconnect to the progress in the RTM process

simulations recalled in Sections 3, 4, 5 and 6. This way we could further analyze gaps in the RTM

process simulations of 3D woven composites.

Increased computational power allows research on optimizing the RTM process using multiple

objectives (MO) that quantify the process more realistically than single objective (SO). An

optimization with MO results in a Pareto set of solutions which are non-dominated over each other

but are superior to the rest of solutions in the search space [144, 147]. The most of currently

used optimization algorithms applied to the optimization of the RTM process are stochastic or

evolutionary strategies and could be attributed to the zero order search methods [143, 144]. These

methods start by generating a random set of solutions which they improve at each iteration using

stochastic operators [143]. In zero order search methods, objective functions must be evaluated
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at any point within the design space, which means that these methods are insensitive to initial

conditions and avoid local minima. However, zero order search methods are computationally

expensive and do not guarantee an optimum solution. The most widely used evolutionary strategies

are Genetic Algorithms (GA) [148], Particle Swarm Optimisation (PSO) [149], and Ant Colony

Optimisation (ACO) [150].

The problem of finding optimal design parameters such as injection ports and vents locations,

injection pressure/flow rate, and temperatures of a resin and the mold that minimize injection time,

mechanically entrapped air (porosity), resin rich areas and residual strain received a significant

attention over the years [145, 151–158]. These works simulate an injection based on the concepts

recalled in Section 4 and evaluate a MO function which is further used in an iterative search of

design variables by zero order search methods resulting in a set of Pareto solutions. The MO

evaluation cost might be higher than that of the search, therefore, speeding up MO evaluation

include simulation simplifications assuming, for example, isotropic permeability of a preform [151]

or a problem reduction from 3D to 2D or even 1D [155]. However, for the case of 3D woven

preforms, such a problem simplification may result in unreliable simulations,thus most of the works

consider simpler geometries such as those of 2D weaves. Due to a very limited number of works

considering 3D woven preforms, we overview results for 2D preforms as well to demonstrate the

state of the progress in optimizing the injection phase of the RTM. It has been reported that

under isothermal conditions, an optimized number and locations of ports and vents could reduce

the injection time by more than ∼ 50% [156] and limit dry spots by ∼ 45% [153]. The works of

[144, 155] considered non-isothermal injection temperature profiles to limit the risk of flow blockage

due to unwanted curing. Struzziero et al. [155] developed an approach that links FE simulations

with a GA algorithm and computed the Pareto set of solutions leading to a reduction of injection

time by 66% and degree of cure at the end of injection by 15%.

The problem of finding an optimal curing temperature profile and consolidation pressure that

minimize residual stress, Volatile Organic Compounds (VOC), temperature overshoot, degree of

cure gradients and maximize the degree of cure was discussed in [144, 159–166]. The evaluation of

the MO involve solving thermomechanical problem, as discussed in Section 5 which, in general,

requires significant computational resources that could be reduced by applying classical laminate

theory [159], rules of mixtures [163, 165], simplified constitutive models [161] or reduce the problem

from 3D to 2D [163]. In the case of 3D woven structures, the applicability of such simplifications is
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limited (Section 2) and thus most of works consider laminates with less complex geometries while

only one work has been found dealing with 3D woven composites [166]. Due to the very limited

literature considering 3D woven preforms, we also overview results for laminates to demonstrate

the state of the progress in optimizing the curing phase of the RTM process. Ruiz and Trochu [159]

developed a multi-criteria optimization algorithm based on the 1D process simulation to optimize

the MO function and improved a laminate composite’s degree of cure, reduced residual stresses

and minimized curing time. Also, the authors concluded that a more complex temperature profile

is often required to appropriately cure thicker specimens. Tifkitsis et al. [160] developed a novel

MO optimization method where a surrogate model is coupled with a Monte-Carlo simulator and

then integrated with GA to optimize the cure process time and temperature overshoot of thick flat

laminates. The optimal cure cycle computed by Tifkitsis et al. [160] was able to reduce the cure time

and maximum overshoot temperature by ∼ 40%, as compared to standard solutions whilst reducing

variability by about ∼ 20%. Struzziero et al. [163] developed a procedure that combines the FE

simulation of the heat transfer and a GA to minimize the curing time and temperature overshoot.

For ultra-thick components (60 mm and above), Struzziero et al. [163] reported a reduction of

curing time and temperature overshoot by 14 h and 70%, respectively. For thick components

(24 mm), Struzziero et al. [163] reported a reduction of curing time and temperature overshoot by

50% for both. Dolkun et al. [165] developed an approach combining 2D FE thermal simulations and

a GA algorithm to minimize gradients of degree of cure and temperature as well as the curing time

of a 24 mm thick unidirectional laminate. The optimized cure profile reduced gradients of degree of

cure and temperature by ∼ 56% and ∼ 71%, respectively, as well as curing time by ∼ 33%. Wang

et al. [166] used a multi-scale simulation procedure (see Section 5 for more details) to develop a

computationally efficient surrogate model based on the radial basis function which was then used

in a GA driven MO optimization. The authors reported that minimizing residual stresses requires

longer curing time, therefore, the maximum reduction of residual stresses (∼ 42%) minimizes the

curing time by ∼ 32%, as compared to the manufacturer suggested parameters. Simultaneously, the

maximum reduction of curing time (∼ 80%) minimizes the residual stress by ∼ 2%. Hui et al. [164]

developed an optimization algorithm that combines FE process simulations with a non-dominated

sorting GA (NSGA-II) to reduce the maximum temperature gradient, the maximum residual stress

and the process time in composite laminates. The authors reported an optimized cure cycle that

reduces the curing time by ∼ 20%, the temperature gradient by ∼ 42% and the residual stress by
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Table 1: Summary of the selected multi-scale simulation results of the RTM process

Phase of the RTM Predicted quantity
Models description

Accuracy Suggestions Refs
Constit. model Micro geom. Meso geom. Micro simul. Meso simul.

Injection Permeability Stokes, Darcy

Hexag.

Square

Rand.

Layer-to-layer

Orthogonal
Analyt. and Numeric. Numeric. Qualit.

Standardization of experiments

Standardization of simulations

Increase meso-RVE fidelity

Sensistivity study

[27]

[90]

[92]

[95]

Curing Residual strain

Thermo-chemo-elastic

Thermo-chemo-viscoelastic

constant Poisson’s ratio

Hexag.

Square

Rand.

Layer-to-layer

Orthogonal
Analyt. and numeric. Numeric. Qualit.

Detailed resin character.

Sensitivity study

[122]

[123]

[134]

[7]

[135]

Cooling and demolding

Spring-in angle

Residual stress

Displacement

Thermo-chemo-elastic

Thermo-chemo-viscoelastic

constant Poisson’s ratio

Hexag.

Square

Rand.

Layer-to-layer

Through thickness

Orthogonal

Analyt. and numeric. Numeric. Quantit.

More complex part’ geometries

Parts made of different fabrics

Sensitivity study

[117]

[136]

[7]

∼ 20%, as compared to the manufacturer recommended curing cycle.

To the best of our knowledge, the problem of finding optimal cooling rate and demolding time

that minimize residual stress has never been addressed separately. Instead, finding optimal cooling

rate is usually included in the curing optimization [164, 166] while optimization of the demolding

time has never been addressed so far. The optimal demolding time could limit cases when the part

gets stuck in the mold and reduce extra manual work.

7.1. Discussion

Recent studies have shown that the main problem in optimizing the RTM process applied to

3D woven composites is the MO evaluation cost which is much higher than that of the search.

Currently, reduction of the MO evaluation cost is achieved by considering, for example, idealized

micro-and meso-structures, problem reduction from a 3D to a 2D or a 1D and simplified constitutive

model. However, such simplifications are not capable of capturing the complex nature of 3D woven

composites and, therefore, a very limited number of works consider 3D woven structures. Building

surrogate models requires a sensitivity analysis aiming at the identification of the critical model

parameters that need to be included. Given the current progress in the field of machine learning

and artificial intelligence, physics informed neural networks could be used to develop robust and

efficient surrogate models for process simulations as discussed in [167, 168].

8. Concluding remarks, challenges, and future opportunities

This work shows that the concept of an RVE and the homogenization procedure have been

widely used with different level of success to develop numerical tools simulating the RTM process,

as summarized in Table 1. It has been reported that a robust constitutive model of a polymer
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Table 2: Summary of the progress in optimizing the RTM process

Stage of the RTM process Design parameter Objective functions Main achievements Main limitations Suggestions Refs

Injection

Number and location of injection ports and vents Min. Injection time Reduction of injection time The MO evaluation cost is much higher than that of the search Identify critical micro-and meso-scale parameters of the simulation models

[151–158]
Injection pressure or flow rate Min. pores Reduction of porosity Standardize permeability measurements

Injection temperature profile Min. resin rich areas Reduction of pressure Lack of a standardized permeability measurements AI simulation of the process

Mold temperature Min. strain level Lack of a standardized permeability predictions

Curing

Curing temperature Min. residual stress Reduction of residual stress The MO evaluation cost is much higher than that of the search Identify critical micro-and meso-scale parameters of the simulation models

[144, 159–165]

Curing time Min. VOC The thicker part the more complex curing is required Limited works on the effect of consolidation pressure AI simulation of the process

Cooling temperature Min. degree of cure gradients Reduction of the temperature overshoot

Cooling time Max. degree of cure Reduction of cure time

Consolidation pressure

Cooling and demolding
Cooling rate

Min. residual stress Reduction of residual stress The MO evaluation cost is much higher than that of the search Identify critical micro-and meso-scale parameters of the simulation models [164, 166]
Demolding time

valid at all ranges of degrees of cure and temperatures involved in the RTM process, a realistic

representation of composites at micro- and meso-scales are a key for accurate process simulation.

However, it has been shown that studies on the RTM process optimization, summarized in the

Table 2, widely rely on simplified simulations and rarely benefit from recent developments due to

their high computational costs. Therefore, finding a trade-off between accuracy and computational

efficiency is required for further progress in the process optimization.

Below we summarize possible actions that could help improving the accuracy of the RTM

simulations and increase the use of recent numerical tools in the process optimization.

Action 1: Develop polymer constitutive models databases that rely on the experi-

mental data at all ranges of degrees of cure and temperatures involved in the process.

Currently, most of the works use experimental data for a fully cured or a very few partially cured

specimens because measurements at low degrees of cure and temperatures above Tg present a

serious challenge.

Action 2: Verify the accuracy of simulation tools on complex parts made of different

preform types. Currently, most of the simulation efforts are dedicated to simple geometries of

composite parts neglecting RTM advantage of manufacturing complex shaped parts exhibiting

variation in thickness and properties. It could be of interest to test developed models on the part

containing different types of fabrics and non-uniform thickness.

Action 3: Increase computational efficiency of degree of cure- and temperature-

dependent viscoelastic constitutive models accounting for the stress relaxation. Cur-

rently, degree of cure- and temperature-dependent viscoelastic models require up to 30 times more

computational time than their thermo-elastic counterparts that have limited range of applicability

as they neglect viscoelastic effects.

Action 4: Increase computational efficiency of the multi-scale homogenization

procedure. This work requires performing sensitivity analysis resulting in a limited set of critical

28



problem-specific micro-and meso-structural. Limiting a set of parameters could help simplifying

the simulation procedure with a predicted level of accuracy. The set of parameters may include

tows geometry and their cross-sections, local volume fraction of fibers inside tows and gaps between

the tows. Thanks to recent advances in image processing, experimentally observed structures could

be transferred into numerical representations serving as a reference. Moreover, substituting FE

simulations with that using the Fast Fourier Transform software such as Amitex [169] or Craft

[170] could increase computational efficiency.

Action 5: Standardize experimental measurements and numerical approaches. Cur-

rently, measurements related to injection and curing phases require additional work on guidelines

while measurements of process-induced distortions are more standardized. Standardized measure-

ments could help in the sensitivity analysis (Action 4) building experimentally validated reference

simulations. Similarly, numerical simulations of injection and curing phases require extra work on

the development of robust guidelines limiting unnecessary numerical errors associated with meshing,

boundary conditions, and the digitization of RVEs.
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matériaux hétérogènes, in: 13e colloque national en calcul des structures, 2017. 29

[170] H. Moulinec, P. Suquet, A numerical method for computing the overall response of nonlinear

composites with complex microstructure, Computer Methods in Applied Mechanics and

Engineering 157 (1-2) (1998) 69–94. doi:10.1016/S0045-7825(97)00218-1. 29

49

https://doi.org/10.1016/j.compscitech.2022.109455
https://doi.org/10.1177/0021998318771458
https://doi.org/10.1016/j.compositesa.2021.106310
https://doi.org/10.1016/j.compositesa.2021.106310
https://doi.org/10.1016/J.COMPOSITESB.2022.110208
https://doi.org/10.1016/J.COMPOSITESB.2022.110208
https://doi.org/10.1016/J.COMPOSITESA.2022.106973
https://doi.org/10.1016/S0045-7825(97)00218-1

	Introduction
	The concept of the RVE and the homogenization procedure
	Homogenization of the thermo-chemo-mechanical properties
	Homogenization of the permeability in porous media between the fibers
	Discussion

	Generation of RVEs of weave architectures at the meso-and micro-scales
	RVEs representing 3D woven structures at the meso-scale
	Predictive modeling of the as-woven geometry
	Descriptive modeling of as-woven geometry

	RVEs representing tows at the micro-scale
	Discussion

	Simulation of the injecting phase of the RTM process
	Permeability predictions at micro-scale
	Permeability predictions at meso-scale
	Discussion

	Simulation of the curing phase of the RTM process
	Discussion

	Simulation of the cooling and demolding phase of the RTM process
	Discussion

	The RTM process optimization
	Discussion

	Concluding remarks, challenges, and future opportunities
	Acknowledgment

