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Abstract

Predicting the mechanical behavior of the chopped carbon fiber Sheet Molding Compound (SMC) due to
spatial variations in local material properties is critical for the structural performance analysis but is
computationally challenging. Such spatial variations are induced by the material flow in the compression molding
process. In this work, a new multiscale SMC modeling framework and the associated computational techniques
are developed to provide accurate and efficient predictions of SMC mechanical performance. The proposed
multiscale modeling framework contains three modules. First, a stochastic algorithm for 3D chip-packing
reconstruction is developed to efficiently generate the SMC mesoscale Representative Volume Element (RVE)
model for Finite Element Analysis (FEA). A new fiber orientation tensor recovery function is embedded in the
reconstruction algorithm to match reconstructions with the target characteristics of fiber orientation distribution.
Second, a metamodeling module is established to improve the computational efficiency by creating the surrogates
of mesoscale analyses. Third, the macroscale behaviors are predicted by an efficient multiscale model, in which
the spatially varying material properties are obtained based on the local fiber orientation tensors. Our approach is
validated through experiments at both meso- and macro-scales, such as tensile tests assisted by Digital Image

Correlation (DIC) and mesostructure imaging.
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1. Introduction

To meet the increasingly strict vehicle emission regulations, chopped carbon fiber sheet molding compounds

(SMC) are considered as a promising candidate lightweight material for the mass-produced vehicle components [1].

However, design of automobile components remains challenging due to the difficulties in predicting the spatially

varying, anisotropic mechanical properties of SMC. Previous studies have shown that local properties of SMC are

strongly influenced by the complex material flow patterns during the compression molding process [2]. To resolve

this issue, a multiscale modeling approach needs to be developed to account for the heterogeneous mesostructures

of SMC.

A great number of works have been done on developing multiscale modeling approaches for random fiber

reinforced composite materials. The first category is the micromechanics-based analytical method, which is based

on the concept of Eshelby tensor [3]. In this category, the Mori-Tanaka method [4, 5] and the self-consistent method

[6, 7] laid the foundation of the analysis of the properties of random fiber reinforced composites. For example,

Tandon and Weng [8] predicted the elastic properties of random oriented composites based on the Mori-Tanaka

method by considering the variation of average stress in the matrix. Chen et al. [9] derived explicit formulae of the

elastic moduli of the aligned and randomly oriented composites based on the Mori-Tanaka method. Miloh et al. [10]

developed a generalized self-consistent method for evaluation of the random oriented composites. Advani and

Tucker [11] introduced the fiber orientation tensor and developed a tensor averaging technique to predict the

mechanical properties of random oriented composites. Such methodology was later extended to different types of

injection molded short fiber composites, as in the works by Gupta and Wang [12] and the works by Tseng et al.

[13]. Although proven to be successful in predicting macroscale elastic properties, this method is limited in



capturing spatial variations in microstructure, or the nonlinear properties including material damage evolution [14,

15].

The second category is the Finite Element Analysis (FEA)-based computational micromechanical methods

[14], which include both micro-/meso- and macro-scale models. At the micro-/meso- scale, FEA models are

established for micro-/meso- structures to predict the homogenized local material properties. The homogenized

properties are then passed to the macro-scale FEA models as inputs to simulate the mechanical behavior of the

components. For example, Gudes and Kikuchi [16] developed a FEA based homogenization method to determine

the effective elastic constants of general composites with the consideration of microstructural features. To further

improve the prediction accuracy, the adaptive finite element method has been developed. Ghosh et al. [17-20]

developed a Voronoi cell-based finite element model to investigate the mechanical properties of heterogeneous

media. Harper [21-23] developed a random fiber chip Representative Volume Element (RVE) models to simulate

the mechanical properties of random fiber composites. Although the predictive capability is improved by

incorporating the microstructure/mesostructure into the model, significant computational costs are usually

inevitable. Therefore, a cost efficient multiscale modeling method is needed for predicting the mechanical

behaviors of chopped carbon fiber SMC.

Micro-/meso- structure reconstruction is a key component of multiscale modeling of composite materials. The

goal is to generate digital material structures based on material characteristics for further analysis of properties or

performance, e.g. via FEA simulations. In general, the reconstruction algorithms start with fiber geometry statistics,

which include, but are not limited to, fiber orientation distributions, fiber size and aspect ratio, and fiber volume

fraction. Fibers or fiber bundles are often approximated with simple mathematical objects such as rods or



rectangles. The objects are then packed into a predefined space to build the RVE. Since the reconstruction process

starts from fiber statistics, it is desirable to generate statistically equivalent RVEs for simulations and statistical

analysis of properties/performance.

The most popular approaches for random discontinuous fiber composite reconstruction are the random

sequential adsorption (RSA)-based packing algorithms [15, 24-33]. RSA methods pack objects sequentially into a

space with random locations while avoiding the new object overlapping existing ones until a desired number of

objects are packed or a pre-specified number of iterations is reached [34]. After RSA was first introduced as a

packing scheme for simulating the protein molecules adsorption onto solid surfaces [34], Evans and Ferrar [24]

studied the packing of fibers, focusing on investigating the effect of different parameters such as in-plane angle and

aspect ratio on the fiber volume fraction. Since then, RSA-based models have been widely used for the RVE

analysis. To mimic the true geometry of the composite, some new variants of this approach were developed for

more complicated reconstructions, including packing fibers with different aspect ratios [27] or orientation

distributions [30], packing fiber bundles instead of single fibers [21-23], and allowing curved fibers [1, 15, 21, 22].

RSA methods are generally fast, but they assume a completely random fiber orientation state and the fiber volume

fraction of the RVEs can hardly exceed 60%.

Other packing schemes include the Monte Carlo method [35], which packs fibers with random configurations

first, and then perturbs their locations and angles to make the system reach a desired orientation state while avoiding

overlapping. Williams and Philipse studied packing of fibers through simulating the mechanical contraction

phenomenon [36]. Dirrenburger applied the Poisson process to generate large random fiber models [37]. However,



these techniques were still developed for low fiber volume fraction cases. Furthermore, all but the Monte Carlo

method simply assumes a purely random distribution of fiber orientation.

In recent developments, Li et al [30] proposed a new method, which extracts the geometry information of fiber

bundles from optical microscopic images and generates the mesostructure with Voronoi tessellation. Each Voronoi

cell represents a local area of unidirectional fibers, which is the unique feature of SMC composites’ mesostructure.

Since the fibers are not modeled explicitly, RVEs with arbitrary volume fractions and orientation states could be

reconstructed this way. However, the 2D Voronoi cell-based reconstruction cannot fully capture the 3D geometry

of the fiber tow, so the method is not suitable for simulations of nonlinear and failure behavior. Therefore, a new

reconstruction algorithm is needed to generate RVEs with high volume fraction (70% - 80%), pre-defined

orientation state (not necessarily completely random) obtained from other sources such as the process simulation,

and it should explicitly model the chip-like fiber bundles.

In order to address the aforementioned issues, an improved multiscale framework and the associated

techniques are proposed to predict the mechanical behaviors of chopped carbon fiber SMC. This framework is

featured by three new developments. First, a stochastic mesostructure reconstruction algorithm is developed for

reconstructing the high-volume fraction SMC mesostructures. The input statistical mesostructure characteristic

(fiber orientation tensor) is obtained from the compression molding simulations. To reduce the error in recovering

the fiber orientation distribution function from the fiber orientation tensor, a new recovery function is proposed.

Second, the Kriging metamodel is employed to reduce the computational cost of mesoscale material property

evaluation in the multiscale modeling process. Third, a multiscale modeling framework is developed to connect

the mesostructure models to the macroscale simulations. The proposed framework enables the rapid prediction of



SMC properties considering the spatial variations in local material properties via the use of mesoscale metamodels.

The rest part of the paper is organized as follows: Section 2 introduces a multiscale modeling framework and

covers four major topics: overview of the multiscale framework (Section 2.1), compression molding simulation

for generating the fiber orientation tensor (Section 2.2), metamodeling of SMC mesoscale material properties

(Section 2.3), and integration in the macroscale FEA model (Section 2.4). Section 3 first introduces a chip-packing

mesostructure reconstruction algorithm and a new fiber orientation distribution recovery function (Section 3.1). In

addition, Section 3.2 introduces the mesoscale FEA model and metamodeling of SMC mesoscale material

properties. In Section 4, the computational predictions are validated experimentally by the Digital Image

Correlation (DIC) tensile bar tests and the SMC mesostructure images. The prediction errors are also examined in

this section. Section 5 is the summary of this work.

2. Multiscale Modeling Framework for SMC Chopped Carbon Fiber Composites Structure

This section introduces the proposed multiscale modeling framework. The inputs of this framework include

the geometrical parameters of fiber tows, the given material properties of fiber and matrix, and the compression

modeling process parameters. Outputs are the predicted the macroscale elasticity.

2.1 Overview

The compression molding process of an SMC part is illustrated in Figure 1 (upper left corner). The initial

charge containing chopped carbon fiber chips, uncured resin, and curing agent. The initial charge is preheated and

placed in the designed positions in the mold cavity. During the compression molding process, the initial charge is

compressed and cured under certain pressure and temperature. Driven by the compression force, the flow of fiber

chips and resin fills the cavity to form the desired geometry. The flow pattern has a strong impact on the orientation



of the fiber chips at different locations. The local fiber orientation distributions consequently determine the local

mesostructure features and local material properties of the formed SMC part.
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Figure 1: Multiscale modeling and validation framework for chopped carbon fiber SMC structure

In order to predict the structure performance with consideration of variations in local material properties, a

multiscale modeling framework is proposed (Figure 1). This framework consists of three critical modules: (1)

Compression molding simulation, which predicts the spatial distribution of fiber orientation tensor over the entire

component; (2) Mesostructure property analysis, which generates a metamodel that establishes the relation between

the fiber orientation and the material properties. The SMC mesostructure RVE is reconstructed based on the

statistical fiber orientation information (Section 3), and the training data of the metamodel are generated by

conducting FEA on the mesostructure RVE models; (3) Macroscale FEA model, which predicts the macroscale

mechanical behavior of a part by integrating local properties obtained from the fiber orientation-property

metamodel. The predictions of material properties are validated by experiments, which are introduced in Section 4.

2.2 Compression molding simulation: prediction of the fiber orientation tensor




The fiber orientation at a given point can be completely defined by a fiber orientation Probability Density
Function (PDF). However, a PDF cannot be directly used in numerical simulations of complex geometries because
it is verbose and difficult to use in the flow molding simulation [38, 39]. Therefore, the fiber orientation tensor is
developed as a simplification of the PDF. Only the even-order tensors are of interest since the odd-order fiber
orientation tensors are equal to zero. Currently, the fiber orientation tensor, particularly the second and fourth orders
of the tensor, is widely used in the existing molding process simulation tools (e.g. Autodesk Moldflow). Notating
the fiber orientation tensor matrix by A, the second order and fourth order fiber orientation tensors are defined as
[11]:

Aij = $pip;P(p)dp (M)
Aijia = $ Pippkprb(P)dp &)
where P, are the components of the unit vector P describing the direction of a single fiber and (p) is the fiber

orientation PDF. The PDF can be recovered once the fiber orientation tensors are known [11]:
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The fiber orientation tensor of a part is predicted using the reactive compression molding module in
Autodesk Moldflow. Details of compression molding experiments and simulations are presented in [40] and
briefly reviewed hereafter. Following the parameters used in the compression molding experiments, the
dimension of the cavity is set to 457.2 mmXx304.8 mmX1.2 mm, while the dimension of the initial charge is
152.4 mmx152.4 mmx8 mm. The mold temperature is set to 150°C. The peak press force during the molding is
1500 kN. A layered tetrahedron mesh is generated following the default meshing procedure in Moldflow, with an
in-plane mesh size of ~5 mm and the number of meshed layers as 14 for both the cavity and the initial charge.
The output fiber orientation tensors are extracted from Moldflow and then mapped to the tensile bar FEA models,
which simulate the performances of the samples that are cut on different locations from the plaque. Due to
thermal flow and the effect of part geometry, the fiber orientation tensor differs from element to element in the
tensile bar model.

2.3 Mesostructure property analysis: metamodeling of the relation between the fiber orientation tensor and the
elastic property using the mesostructured RVE model

A chip-packing based RVE model is developed to predict the mechanical properties of SMC mesostructures.

Based on the stochastic reconstructions of SMC mesostructures, FEA models are established to simulate SMC

material properties (details in Section 3). There are two phases in the SMC mesostructure: pure resin, and fiber



tows (chips) that contain both aligned fibers and resin. The resin properties are provided by the material supplier,
and the chopped fiber chip’s properties are predicted from a microscale RVE model. In our previous work, an
RVE model has been established for the unidirectional (UD) fiber composites following the procedure in [41].
This UD RVE model is leveraged to predict the fiber tows’ material properties, because all the fibers are aligned
to the same direction inside each fiber tow. The inputs of the UD RVE model include resin properties and fiber
properties. The predicted fiber tow properties are considered as material constants in the mesostructure RVE
model.

Metamodels of the mesoscale RVE are created and used in predicting material properties at each integration
point in the macroscale FEA model. The inputs of the RVE model include the fiber orientation tensor and other
mesostructure geometrical parameters (e.g. chip size, volume fraction Vz. More details of the RVE modeling
process will be introduced in Section 3. The outputs (response) of the metamodels contain all entries of the
stiffness matrix obtained from FEA simulation. For the compressed chopped fiber SMC, the Z component of the
fiber chip’s orientation is negligible compared to the X and Y components. Therefore, the fiber orientation
distribution of the SMC component can be described by a 2D fiber orientation tensor for simplification. If the
second-order 2D fiber orientation tensor is represented as Al.j , the relation between the principal and non-principal
orientation matrix is expressed as:

a,, =R,R,4;, )
where R,,; are the entries of the rotation matrix, a,,, are the entries of the principal orientation tensor matrix,

and A;; are the entries of the non-principal orientation tensor matrix.



In the last step of simulation, the stiffness matrix of the original non-principal tensor matrix is obtained by
transforming the principal stiffness matrix back to the non-principal space. The transformation formula between
the non-principal and the principal stiffness matrices is:

Cijii=RmiRnjRpkRqiCmnpqg > (10)
where Ry, Rpj, Rpi, Rg are the components of the rotation matrix, Cji; and Cppnpq are the output stiffness
matrices of the RVE models with inputs Al.j and a,; respectively. According to the definition of 4; given in
[11]:

A, +4,=a,%a,=1 (11)
any 2D principal orientation tensor can be fully represented by a single parameter «,,. The relation between
the principal orientation tensor and the property of interest can thus be established by a 1D metamodel with
single input of @, . The training points of the metamodel are generated with equal distance (0.05) in the range
of ay; €[0.05, 0.95]. The outputs of the metamodeling step are 21 components of the stiffness matrix in Voigt
form, hence 21 metamodels are established in total. In addition, four validation points a,;= [0.52, 0.66, 0.72,
0.82] are generated to check the prediction accuracy of the metamodels.

Kriging [42-44] is selected as the technique for metamodeling. The Kriging model is expressed as:

y = X1 Bifi(x) + Z(x), (12)
where f3; is the weighted coefficient, f;(x) is a known fixed function and Z(x)is a Gaussian process model. In
the training process, the hyperparameters of the Gaussian process model are determined by the Maximum
Likelihood Estimation (MLE). The trained Kriging models are used to predict the stiffness matrix components

when a new a;; value is provided. In Figure 2, plots of Kriging metamodels are provided for the four in-plane



components of the stiffness matrix, where good accuracy is observed. According to the prediction values of the

validation points, the maximum prediction error of all Kriging metamodels is below 2.65%.
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Figure 2: The relationship between a,; and the in-plane components of the stiffness matrix

2.4 Macroscale modeling: prediction of the structure properties based on mesoscale properties

The macroscale FEA modeling process is demonstrated using the tensile bar example. A macroscale tensile
bar model (Figure 3) is set up in Abaqus/Standard to simulate the mechanical performances of the samples cut from
different locations on a molded SMC plaque. The mesh is generated using C3D8R solid elements. The dimension
of the model is set as the same as the real experimental samples (more details will be provided in Section 4.2.2). The
fiber orientation tensors differ from element to element in the tensile bar models. In this study, the fiber orientation
tensors of the plaque part are extracted from the compression molding simulation results in Moldflow [40] and then
mapped to the macro-scale tensile bar FEA model in Abaqus/Standard. With the fiber orientation tensor as the

input, the anisotropic stiffness matrix of each element in the tensile bar model is obtained by the Kriging

metamodels. A virtual tensile bar test is conducted using the macroscale FEM model (Figure 3). The boundary



conditions (BC) of a uni-axial tensile test are applied to the meshed structure. On the right gripping area, a

displacement is applied in the axial direction and all the other degrees of freedom are constrained. On the left

gripping area, all degrees of freedom are constrained. The simulation outs the stress and strain fields, which are used

to calculate the tensile modulus of the entire bar and the tensile modulus of a local region.

T

W Gripping Area ® Deformation Area H10mm

Figure 3: Macroscale bar model. The BCs are applied to each node in the gripping area

3.  SMC Mesostructure Modeling based on a Chip Packing Reconstruction Algorithm

Stochastic reconstruction of SMC mesostructure is the foundation of the mesoscale RVE simulation, a critical

component of the proposed multiscale modeling framework. This section provides details of the proposed chip

packing reconstruction algorithm and the FEA model of the mesostructure RVE.

3.1 Chip packing mesostructure reconstruction algorithm

A stochastic chip packing algorithm is developed to generate SMC mesotructure reconstructions of a high

fiber tow volume fraction. The reconstructed structure matches the target geometrical statistics, such as the average

fiber tow size, fiber tow volume fraction and the fiber tow orientation distribution.

3.1.1 Overview

The RVE is reconstructed by packing rectangular chips into a 3D voxelated flat cuboid space. The input

parameters include the size of the chips and the plates, the target orientation tensor, and the target volume fraction.

The details of inputs and outputs are summarized in Table 1. The outputs are the coordinates of the voxels of each

chip and the chip orientation, information needed for FEA modeling.



Table 1: List of the SMC Reconstruction Inputs

Description Parameter

Plate width Wp

Number of the layers np
From manufacturer’s
Chip width W
setting

Chip length L¢

Chip Volume Fraction Ve
From molding
RVE Orientation Tensor Matrix A
simulation

Let V be a 3D voxel space with size W, xW, xn, . A voxel has a set of coordinates (i, j, k), and for each
voxel V (i, j,k):

0 if V(i,j,k) is a resin voxel
(13)

V(i,j,k):{

n if V(i, j,k) is a chip voxel belonging to the n” chip

A chip’s location is represented by the coordinate of its center point. Packing of the n-th chip includes finding a
feasible location in V for the chip, determining the set of voxels assigned to it, and making appropriate adjustments
of voxels if overlapping between chips is detected. Figure 4 depicts the flowchart of the algorithm.

Iny
orientations

Pre-processing
Number of

chips

Modified RSA

Chip locations

/ Results /«— Post-processing

Figure 4: Information flow of the reconstruction algorithm

In this algorithm, chip orientations and the number of chips per layer are first determined in the pre-processing

step. Next, chips are packed one-by-one and layer-by-layer under a modified RSA scheme until the desired number



of chips is satisfied. Finally, fine tuning is performed and the reconstructed structure is exported for FEA modeling.
The details of each step of the algorithm will be discussed in the following sections.
3.1.2 Pre-processing

The pre-processing process includes estimation of the number of chips and generation of chip orientations. The
number of chips in a layer is estimated based on the information of chip and plate sizes and the target chip volume

fraction. Denoting the numbers of the chips in a layer and in total by N, and N, respectively, they are estimated

by
N _ WPZVF
Plwarn. | (14)
Ny =N, -np

Note that since the estimated number of chips can only be an integer and the volume fraction after packing all

chips will not exactly match the target in most cases. Therefore, the post-processing step is necessary to ensure that

a target volume fraction is met.

The reconstruction procedure described below takes the principal form of fiber orientation tensor as input.

For the non-principal orientation tensor, it is first transformed into the corresponding principal form based on

Equation (9). After obtaining the stiffness matrix of the correspondent principal tensor, the non-principal

stiffness matrix is generated by a transformation back to the non-principal space.

To fully recover the fiber orientation distribution function PDF, theoretically one needs infinite sets of

orientation tensors [45]. In reality, the fiber orientation distribution is approximated by truncating the series

shown in Equation (5). Higher accuracy of the recovered PDF is expected if the higher order tensor basis

functions are involved in Equation (5). We recover the PDF from the 2™ and 4™ order tensors since most



simulations keep the 2" order ones as the orientation state variable and the 4" order tensors can be obtained from
the 2" order tensors using closure approximation methods. There are several closure approximation methods,
such as linear closure approximations [45], quadratic closure approximations [45], orthotropic fitted closure
approximation (ORF) [12, 46], invariant-based optimal fitting (IBOF) closure approximations [47], etc. This
paper employs the IBOF closure approximation. IBOF is more accurate than the linear and quadratic closure
approximations, meanwhile it requires less computational time than ORF [47].

Given a 2D principal fiber orientation tensor as the input, the 4™ order fiber orientation tensor is obtained
through the closure approximation. Then the fiber orientation PDF is recovered following Equations (5-10).
However, it is found in the present study that the recovery process shows relatively significant error when fiber
chips are highly aligned along a certain direction. To evaluate the accuracy throughout this process, the second
order fiber orientation tensor of the recovered PDF is obtained following Equation (1). The recovery error is
evaluated as the difference between the original principal second order fiber orientation tensor and the principal

second order fiber orientation tensor of the recovered PDF:
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Figure 5: Error of the IBOF recovery function
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Figure 6: CDF and PDF of the fiber orientation distribution represented by the Gauss error function, and

the errors of the orientation tensor

recovery functions. (a) CDF of different a,,; (b) PDF of different a,,

without 0 and 1 case; (c) Comparison of recover error

In Figure 5, it is shown that the error increases significantly when a, (the input principal orientation tensor)

exceeds 0.8 (chips are strongly aligned to one direction). To reduce the error, we propose a modified recovery

procedure, in which the Gauss error function is used to represent the fiber orientation Cumulative Density Function

(CDF) for the highly aligned cases. The new recovery function is separated into two parts. For the relatively random

orientation distributions (0.2< @, <0.8), we still adopt the IBOF closure approximation as it is sufficiently

accurate. For the highly aligned distributions (@,, >0.8 and @,; <0.2), the proposed Gauss error function-based

recovery is used:

CDF =

where the range of x is [—90°, 9

1 x/K(a;;) R 1
— e dx+— a,, >0.8
2\/; —x/[!(a”) 2 "
[ w(xyx 0.8>a,>02 , (16)
-90
1 (x—9O)J/.K(a”) , 1
—= e dx+— a,; <0.2
2\5 ~(x-90)/K (a;,) 2

0°), and it represents the direction of a fiber chip. For 2D fiber chip

reconstructions, in-plane angles are sufficient to describe the chip directions. Therefore, l//( P) in Equation (3)

can be reduced as ¥/(x), a function of the in-plane chip angle. The parameter K is a function of a,,. The



K(ay,) values are determined using gradient-based optimization, which minimizes the difference between the

original a,; andthe a;; oftherecovered PDF. The recovered CDFs of different @, values are plotted in Figure 6

(a) and the corresponding PDFs are plotted in Figure 6 (b). The error of the recovered PDF is plotted in Figure 6 (c).

Compared to the IBOF closure approximation, the modified fiber orientation recovery function significantly

reduces the recovery error for the highly aligned fiber tow distributions.

3.1.3 Modified-RSA (MRSA)

Though RSA can be a useful scheme for SMC RVE reconstruction [15, 24-30], the upper limit of the volume

fraction that can be achieved by the conventional RSA of equilateral rectangles (squares) is reported to be 56.2%

[34], and the value drops with the increase of the chip aspect ratio. However, in our RVE reconstruction problem,

the target volume fraction (around 80%) is much higher than the limit and the chips’ aspect ratio is around 5:1.

Therefore, the algorithm needs to be modified to achieve a higher volume fraction.

The modified-RSA algorithm for multi-layer voxelated systems is illustrated in Figure 7. In this algorithm, the

feasibility condition for candidate chip locations and the treatment for overlapping chips are altered. Compared to

the conventional RSA, in which a candidate location is rejected simply because a chip on that location will intersect

with one or more chips on the plate, the feasibility condition is relaxed in our approach so that at most two chips can

intersect at one location and the overlapping part can rise to the upper layer.

After a feasible location is found for a chip, a process called “Rise or Sink” will be applied to each of the chip

voxels. The process mimics the situation that when a chip is laid above another one with a different orientation, the

unsupported chip segment will sink down while the overlapping part will remain on the top, which creates curved

chips.



3.1.4 Post-processing and volume fraction tuning

“Rise and Sink” is a chip segment reallocation process: for a plate where the packing is going on, it

dynamically moves chip segments to upper and lower layers to increase the space utilization. Note when packed

layer-by-layer, the chips on the very bottom layer will not undergo the “sink™ process. This leads to a much higher

volume fraction of the first layer as chip segments will not leave it by sinking. Also note that there will be always

one more layer than desired since an additional layer will be created to receive the rising chip segments from the top

layer. These two phenomena suggest that to obtain an RVE with steady volume fractions across layers, it is

necessary to generate a thicker reconstruction having extra layers, while only layers in the middle with consistent

volume fractions will be used to form the RVE.

The last step is to fine tune the reconstructed structure to match the target volume fraction exactly. To achieve

this goal, some chips are selected randomly and their boundaries are expanded by one unit until the overall volume

faction is close enough to the target.
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Location feasible?

Feasible

Not feaslbls

(Algorithm 1

Algorithm 2: Stacking two chips: rise or sink

Algorithm 1: Candidats Chip Location Faaslbliity Chack

I Chip
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Layer 2 (upper)

Number of chips *
satisfied?

2

Layer 1 (lower)

= o
Next step

Layer 1 (lower)

Layer 1 (lower)

Before Rising After Rising

Bafore Sinking

After Sinking

Figure 7: Flowchart of MRSA



3.1.5 Results

An reconstruction for an isotropic randomly oriented SMC is generated using parameters in Table 2:

Table 2: Pre-specified Input Parameters

Name Value
Volume fraction 0.8
Chip size 50 mmX 10 mm
Plate size 300 mmx300 mm
Layers 4
Orientation Tensor [0(')5 0(.)5]

The four reconstructed layers and their corresponding volume fractions are plotted in Figure 8. To test the
algorithm’s performance with different inputs, reconstructions with different orientation tensors, volume fractions
and chip sizes are compared with the setting in Figure 8 and Table 2. Figure 9 shows good agreement between the

reconstruction targets and results.
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3.2 Mesostructure FEA model based on the reconstructions

The FEA models are built by taking the voxelated chip packing reconstructions as inputs. Each voxel in the

reconstruction is converted into a C3D8R solid element in Abaqus/Standard. Each element is assigned with the

corresponding mechanical properties. Material orientations of fiber chip elements are defined so that the 1-axis in

the local coordinate system is aligned in the direction of fibers in the chip. Figure 10 (a) shows an in-plane view of

an FEA model of a SMC reconstruction. Figure 10 (b) shows the 3D view of the FEA model. Elements in green are

fiber chip elements while the ones in blue are elements of matrix resin. An example of the material orientation for a

set of elements belonging to a single chip is shown in Figure 10 (c). The material parameters are listed in Table 3.
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Figure 10: FEA model of a SMC reconstruction and the geometry of a meshed chip. (a)
In-plane view of an FEA model of a SMC reconstruction; (b) 3D view of the FEA model; (c)
Geometry and orientation of a meshed chip

3.3 Determination of the RVE size based on sensitivity studies

An RVE represents a domain in the material that is large enough to contain sufficient micro-features so that
the domain’s microstructure statistics and properties are spatially invariant [48-50]. Due to limited computational
resources, it is impossible to use an infinitely large RVE to predict the material properties. Therefore, a trade-off
exists between the prediction accuracy and computational time. Given the size of the fiber chips (the size of the
microstructure features), sensitivity studies are conducted to determine the minimal RVE size that is statistically
representative. The RVE size is finally determined as 200 mm>200 mmx0.8 mm by the following procedure:

(1) Given a trial RVE thickness, conduct a convergence study on the relation between the in-plane size and
the simulated properties to determine a proper in-plane size;

(2) Fix the in-plane size as the value determined in the previous step, conduct a convergence study on the
relation between the thickness and the simulated properties to determine a proper thickness.

More details about the sensitivity study are provided in the Appendix.

Table 3: Fiber chip and resin properties

Fiber chip Resin

E,; (GPa) 1259 las 0.32 E (GPa) 3.8




EZZ (GPa) 8.6 25 K] 0.32 U 0.38
Gy, (GPa) 48

4. Experimental Validation of the Multiscale Simulation Results

4.1 Experiment setup and results

Plaques of 457.2 mm X 304.8 mm X 1.2 mm are manufactured by compression molding [40] under the

same processing condition. Initial charges with dimensions of 152.4mm X 152.4mm X 8mm are placed at the

center of the cavity. Testing samples are cut from each plaque at selected locations as shown in Figure 11. The

elastic moduli of the tensile bar samples are obtained by the DIC tensile test, and the fiber orientation tensors at

the selected locations are measured using microscopic image analysis.

4.1.1 Measurement of elastic modulus by DIC test

Tensile bar samples are cut at five locations A, B, C, D, E to measure the mechanical properties at different

flow lengths, and multiple tests were conducted at each sampling location. As shown in Figure 11, the samples are

cut in both 0 and 90 degree orientations in order to measure elastic properties along different directions. Since the

initial charge is placed in the center of the cavity [50], the flow pattern is considered as centrosymmetric, i.e., the

properties at location B (D) are assumed to be equivalent to those at location C (E).

DIC Tenslle Test

| | Initial Charge

Bar center (25.4
mmx25.4 mm) is cut for
mesostructure Imaging

Modulus of each local
section (12.7mmx25.4
mm}) Is measured




Figure 11: DIC tensile tests on the SMC tensile bar samples that are cut from the molded plaque

15t layer

1) Remove top 300 um to guarantee a flat surface;

2) Polish 50pm;

3) Use Keyence VHX-2000 to take microscopic images;

4) Repeat 2-3 until the samples cannot be further polished.

Figure 12: Mesostructure characterization procedure

The tensile test procedure follows the ASTM standard D3039/D3039M. Displacement control mode is used,

and the loading speed is set as 2 mm/min. DIC system is used to record the strain field of the tensile bar. Both

material properties and the fiber orientation distributions are obtained from this experiment. First, the modulus of

the specimen’s central area (25.4 mmX25.4 mm) is obtained based on the strain measured by DIC. After the DIC

tests, the central area of the bar is cut off for mesostructure imaging using optical microscope (Section 4.1.2). The

fiber orientation tensors obtained from image analysis are used to validate the compression molding simulation. It is

also used as the input of the mesoscale RVE simulation, the results of which are compared to the measured elastic

properties to validate the accuracy of the RVE model. Second, the elastic moduli of several smaller sections

(12.7mmx25.4 mm) are calculated over the entire length of the DIC measurement area. The modulus of each

section is used to validate the prediction of the multiscale model.

4.1.2 Mesostructure Characterization



The fiber orientation tensor of a sample is obtained by image analysis on optical microscope images of the
polished sample surface. A series of mesostructure images are taken in the through thickness direction. Standard
metallographic procedures are employed to remove material layer by layer. An automated polishing machine
(MultiPrepTM System 15-2000-Gl1 produced, Allied High Tech Products, Inc.) is used to remove a layer of
material with a thickness of ~50 um. The mesostructure characterization procedure is shown in Figure 12. The
number of sample images obtained for regions A, B and E is 14, 10 and 16, respectively. To characterize the fiber
orientation tensor from the mesostructure image, a MATLAB image analysis package is developed based on a
computer vision algorithm which is originally used for fingerprints analysis [S1, 52]. In Table 4, the measured and

the simulated fiber orientation tensor matrices are compared.

Table 4: Fiber orientation tensor for different locations

Location Measured Tr, (mean fiber orientation tensor) Predicted T (mean fiber orientation tensor)
A 0.646 0.06 [0.610 -0.02
0.06 0.354 —-0.02 0.390
B 0.552 -0.03 0.570 —-0.05
—0.03 0.448 —0.05 0.430
E 0.560 —0.03 0.575 -—0.01
—0.03 0.440 —0.01 0.425

4.2 Validation of the model predictions

4.2.1 Experimental validation of the predicted mesoscale RVE properties

Mesoscale RVE models are established to predict the elastic properties of the SMC material with given fiber
orientation tensors. As the purpose is to study the accuracy of the RVE model, the experimentally measured
orientation tensor is used as input. The simulated fiber orientation tensors are not used in the validation of RVE

models since there are errors in compression molding simulations. The chip size is set as 25.4 mmX5 mmX1.2 mm



and the fiber volume fraction is 41.1% as measured by a burn-off test conducted according to ASTM D3171-99.

The volume fraction of fiber chips in the SMC composites is 80%. The properties of the fiber chip (calculated from

a UD RVE [41]) and the pure resin serve as the simulation inputs. At each test location, 15 RVE models are

generated by the stochastic reconstruction. The predicted elastic modulus E;; and Ex are compared to the

experimental testing results in Figure 13.

Table 5: Input parameters for simulation

Location A Location B Location E
Chip size 254 mm x 5 mm
Chip thickness ~100 um
Fiber Tow
) Fiber Vg 41.1%
Properties
Fiber A type of commercial carbon fiber
Resin Epoxy
Fiber orientation tensor 0.646 0.06 0.552 -0.03 0.560 —0.03
0.06 0.354 —0.03 0.448 —0.03 0.440
I Experiment

50+ [ |Mesoscale RVE Prediction

40+
;-“? 30
o
3
3 20’
T
s}
= 10

A-0 B-0 E-0 A-90 B-90 E-90
Location

Figure 13: Experimental validation of the mesostructure RVE model (E11 and Ez2)

It is observed that the simulated elastic modulus E;; and E match well with the experimental results on

locations A and E. At location B, the RVE model overestimates the modulus in the 90-degree direction, and



underestimates the modulus in the 0-degree direction. More discussion of the prediction errors will be provided in
Section 4.3.
4.2.2 Experimental validation of the predicted properties of the local sections on the tensile bar

The tensile bar is divided into 10 local sections along the length direction. Using the macroscale model
mentioned in Section 2.4, the modulus of each local section is predicted and compared with the experimental data
from DIC tensile tests (Figure 14). To validate the proposed multiscale modeling method, the simulated fiber

orientation tensors are used in the prediction of the tensor bar properties.
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Figure 14: Comparison of local modulus of each section on the tensile bar with the simulation results
In general, a good match is observed between predictions by the multiscale model and the experimental
results. Most of the predicted local section moduli are close to the mean of the tested samples. However, we also

observe deviations at some locations, which can be explained by the prediction error in fiber orientation tensor by



the compression molding simulation. The spatial variation and the standard deviation of the tensile modulus are

significant, especially for the E-90 sample as shown in Figure 14 (f). A continuous flow field simulation may have

trouble in capturing such intensive variations in a relatively small region. Furthermore, the effect of the

manufacturing process uncertainty, currently not incorporated in the multiscale modeling framework, may play an

important role here and therefore requires future efforts.

4.3 Discussion

The prediction errors are contributed by all three models in the multiscale framework. First, a mesoscale

RVE model is developed to capture the mesostructure characteristic of the SMC. As we presented in Section 4.2.1,

this RVE model can predict the elastic properties at location A and E accurately, but it underpredicts the modulus

in the 0-degree direction and overpredicts the modulus in the 90-degree direction at location B (having the longest

flow length). The prediction error is induced by the bias in the input fiber orientation tensors. Additionally, due to

limitations in the current polishing technique, we cannot measure the fiber orientation tensor near the surfaces of the

sample. Therefore, the average of the measured tensors may not be entirely representative of the full thickness. The

prediction error is also caused by the use of 2D fiber orientation tensor to reconstruct the 3D mesostructured

model. The component on the Z direction (as3) is assumed to be small and neglected in the model.

Second, the Kriging metamodel was established to represent the relation between the fiber orientation tensor

and the elastic properties. The maximum prediction error is below 2.65%. The errors from the metamodel may

propagate to the final performance predictions. Although we believe that the metamodel is sufficiently accurate,

the prediction error can be further reduced by adding more training points.



Third, a multiscale model is established to predict the performance of the tensile bar on the macroscale. To

capture the spatial variations in local material properties, the input material property of each element is predicted

based on the simulated local fiber orientation tensor. The real local modulus has a large variance that cannot be

captured by the macroscale model. Such discrepancies are induced by the errors in the input local fiber orientation

tensor. To resolve this issue, it is essential to improve the compression molding simulation for more accurate

predictions of the local fiber orientation tensors.

5. Summary

To capture the anisotropic properties of the chopped carbon fiber SMC composites, a multiscale modeling

framework is developed based on an integration of mesostructure RVE simulations with the macroscale FEA

through metamodeling. This work features several new developments in mesostructure modeling and multiscale

information management. First, a stochastic chip-packing mesostructure reconstruction algorithm is developed to

generate RVE models of high fiber tow volume fraction and predefined fiber orientation distribution which are not

available in previous methods. Second, a new recovery function is developed based on the Gauss error function.

This new function significantly reduces the errors in recovering the highly aligned fiber orientation distribution.

Third, a Kriging metamodeling strategy is proposed to reduce the computational costs of multiscale analysis. This

strategy enables that the local material properties can be assessed accurately and quickly. The proposed multiscale

modeling framework is demonstrated by a case study of tensile bar analysis, in which the variations in local

material properties are captured based on the material processing information. Experimental tests, tensile tests

using DIC and mesostructure imaging, are conducted to validate the predictions. This work provides a useful



Integrated Computational Materials Engineering (ICME) tool for the future developments of complex SMC

structures.

The limitations are summarized as future work: First, the out-of-plane orientation tensor a3 cannot be captured

by the current mesoscale RVE model. Second, propagation of the uncertainties, such as the variation in the local

volume fraction, is not considered in the multiscale model. Third, more validations and efforts are needed to extent

the framework to simulate the mechanical behavior of parts with complex geometry.
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Appendix. Determination of the proper RVE size and thickness

According to the A-criterion of uncertainty propagation [49], the ratio between the RVE model’s

geometric dimension and the microstructure feature’s geometric dimension should be sufficiently large in

order to guarantee that the RVE model is spatially invariant in microstructure statistics and material

properties. In this study, the microstructure feature’s geometric dimension is equivalent to the chip size. A

convergence study is conducted to search the minimum in-plane size and thickness of the RVE model.

By fixing the thickness as 0.4 mm, multiple groups of RVE models with different in-plane dimension are

generated. The value of the in-plane dimension ranges from 100 mm to 350 mm, with an increment of 50 mm.

According to the information on the real material, the input chip size is set as 254 mm X 5mm X 0.1 mm, and

the chip volume fraction of the fiber chips in the reconstructed RVE model is set as 80%. 15 random realizations

are reconstructed for each group. The convergence study is conducted for two typical fiber tow dispersion



status: a = [0(')5 0(.)5] and a = [069 O(.)l]’ which correspond to 2D random fiber chip orientation and
highly aligned fiber chip orientation, respectively. The material parameters are listed in Table 3.

The results of the convergence study are summarized in Figure A.1. The average E;;, E22 and G values
of two different fiber orientation tensors are plotted against the RVE size. It is observed that the predicted
modulus converges to a certain value when the in-plane size exceeds 150 mmXx150 mm. For all in-plane
dimensions tested, the Coefficients of Variation (CoV) values are below 6%, which indicates a small variation

among different realizations in the same group. With the consideration of the convergence and computational

costs, 200mmx200mm is selected for the following studies.
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Figure A.1: Mean modulus (a, ¢) and CoV (b, d) of E£;, E2 and G12 of RVEs of different plane sizes of fiber

0

0,5] and [0(')9 0(')1],respectively.

orientation tensor [O(')S

The thickness of the RVE is another critical factor that influences the simulated properties. Similarly, a
convergence study is conducted by fixing the in-plane size of the RVE model. For each thickness, 15
realizations are reconstructed to calculate the mean and CoV of the modulus. The relations between the
plane thickness and the mean modulus E;;, E2> and Gy; are plotted in Figure A.2. When the thickness
increases, the modules converge to a certain value (£;; and E2» converges to 31.2 (69.4) GPa and G
converges to 11.7 (8.21) GPa for a = [O(')S 0(.)5] ([0(')9 0(.)1]) case). The CoVs of the sample properties
are below 5% regardless of the thickness, which indicates a negligible variation among the RVE samples of

the same thickness. Finally, the RVE size is determined as 200 mmx200 mmx0.8 mm.
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