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Abstract

This work focuses on the simultaneous determination of the elastic constants and the
fiber orientation state for a short fiber-reinforced polymer composite by performing
a minimum of experimental tests. We introduce a methodology that enables the in-
verse determination of fiber orientation state and the in-situ polymer properties by
performing tensile tests at the composite coupon level. We demonstrate the approach
for the extrusion deposition additive manufacturing (EDAM) process to illustrate one
application of the methodology, but the development is such that it can be applied
to short fiber-reinforced polymer (SFRP) systems processed via other methods. Cur-
rently, developing composites additive manufacturing digital twins require extensive
material characterization. In particular, the mechanical characterization of the or-
thotropic elastic properties of a composite involves extensive sample preparation and
testing, therefore the elasticity tensor is generally populated using a micromechanics
model. This, however, requires measuring the fiber orientation state in addition to
knowing the constituent material properties. Experimentally measuring the fiber orien-
tation state can be tedious and time consuming. Further, optical methods are limited
to resolving the orientation of cylindrical fibers or cluster of non-cylindrical fibers, and
computed tomography (CT) methods scan regions of volume that are much smaller

than a full printed bead. Therefore, we propose a methodology, accelerated by machine
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learning, to identify the anisotropic mechanical properties and fiber orientation state
at the same time. Early results show that inference of the fiber orientation and com-
posite properties is possible with as few as three tensile tests. Our results show that a
combination of the choice of the micromechanics model and reliable set of experiments
can yield the nine elastic constants, as well as, the fiber orientation state.

Keywords: Inverse Determination, Short Fiber Composites, Elastic Properties, Fiber
Orientation State, Extrusion Deposition Additive Manufacturing, Support Vector

Regression

1. Introduction

Short-fiber reinforced polymers (SFRP) are widely used in composite manufacturing
processes such as Material Extrusion Additive Manufacturing (MEAM) and injection
molding due to its easy processability. SFRP involve fibers with lengths in the range of
200 — 400 pm) [1]. Injection molded short fiber composites are utilized in lightweight
applications due to short time and low cost of processing, and increased stiffness and
strength [2, 3]. SFRP have also enabled scaling the MEAM process to the scale of mul-
tiple meters by decreasing the coefficient of thermal expansion and enhancing the elastic
properties of the printed material, dominantly in the print direction [4]. Extrusion de-
position additive manufacturing (EDAM) has lately been used to print geometries for
autoclave tooling and compression molding |5, 6]. EDAM is a process by which fiber-
reinforced polymer composites are melted in an extrusion system and deposited onto a
bed (either moving or stationary) in a path prescribed by a machine code. The printing
process involves multiple physics that develop concurrently, including anisotropic heat
transfer, shrinkage, creep and stress relaxation, polymer crystallization and melting, and
fusion bonding. Further, the combined effect of these phenomena lead to deformation
and residual stresses that can cause issues such as delamination. This has motivated
the development of physics-based |7-10] and eigenstrain-based methods [11-13] to pre-
dict the outcome of the printing process. Physics-based simulations have been used to

predict and optimize the yield stress of printed acrylonitrile-butadiene—styrene(ABS)
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[14]. Physics-based failure criteria for parts manufactured by selective laser sintering
has been reported in [15]. The effect of printing angle angle and layer thickness on
the strength and elastic properties of parts manufactured by fused deposition modeling
(FDM) has been studied in [16].

To reduce the time and costly empirical calibration of processing parameters there
has been much interest in developing simulation capabilities to predict the outcomes
of a given print geometry or strategy [7, 9, 10]. The focus of these studies have been
developing a manufacturing digital twin that can predict the deformation and residual
stress state that arises from the highly non-isothermal printing conditions and mate-
rial anisotropy. These manufacturing simulations require the mechanical properties
of the composite as inputs to predict the deformation and residual stress state. The
mechanical, transport, and thermoviscoelastic properties of the printed composite are
dependent on the properties of the constituents (fiber and polymer), and the micro-
structural characteristics of the printed bead such as the fiber length distributions, the
fiber aspect ratio, and the orientation state of the fibers. The orientation distribution
of is one of the key features that govern the mechanical, transport, and thermovis-
coelastic properties of the composite [17, 18]. The anisotropic mechanical properties
are typically characterized via experimental methods. However, characterizing all the
properties of the composite via experiments is laborious and, therefore, micromechan-
ics models have been used to augment experimental measurements. To make use of
suitable micromechanics models, the orientation and length distribution of the fibers,
and the mechanical properties of its constituents are needed. The predictions from
the micromechanics models and the experimental results can then serve as inputs to
manufacturing digital twins for additive manufacturing.

To inform the manufacturing digital twin, simulation methods have been developed
to predict the orientation of fibers in injection and compression molding [1], [19-21].
Experimental methods including CT scans and optical microscopy can be used to mea-
sure the orientation state of the fibers. However, these methods are time consuming

and are prone to human error, requiring multiple iterations of the same experiment.
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Furthermore, the methods for resolving fiber orientation from 2D images are limited
to cylindrical fibers [22] or to clusters of non-cylindrical fibers [23|. Similarly, the spa-
tial resolution required to resolve fiber orientation from Computed tomography (CT)
scans is restricted to volumes that are often smaller than the volume of a printed bead.
Another important property that governs the elastic properties of short fiber compos-
ites is the fiber length distribution [19], [20]. The initial fiber length distribution is
consequently affected by fiber breakage during the manufacturing process [24], [25]. In
addition to these parameters, the processability of the polymers is modified via additives
which in turn can change its elastic properties.

To reduce extensive material characterization and experimental measurements re-
quired, Digimat provides a suite of ‘reverse engineering’ (inverse determination) capa-
bilities to infer unmeasured properties. ‘Reverse engineering’ is an optimization pro-
cess in which the optimal values of design variables (e.g. material law parameters)
are found via minimizing the difference between model predictions and experimental
measurements. The state-of-the-art in Digimat currently enables the user to inversely
determine model parameters in thermo-viscoelastic material models, fiber aspect ratio,
failure criterion variables, etc. This enables the user to populate the material prop-
erties to be used in composite manufacturing digital twins, once the fiber orientation
state is known. Kurkin et.al calibrated a non-linear material model for SFRPs using
reverse engineering [26], [27|. Landervik et al. used this methodology to calibrate an
elastoplastic material model [28]. Digimat’s inverse determination tool was also used
to calibrate a pseudo-grain-based fatigue model in [29]. Despite the advancement in
simulation capabilities to predict manufacturing process induced fiber orientation in in-
jection and compression molding, equivalent models are under developed in EDAM. In
addition to the dearth of simulation models, current inverse determination capabilities
in literature also have been unable to account for the orientation of the fibers and the
effective properties of the polymer matrix considering the effects of additives. To that
end, this work addresses the latter limitation of the state-of-the-art. We introduce a

methodology that enables the inverse determination of the orientation of the fibers and
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the modified polymer properties. This paper will study the EDAM process in particular
to demonstrate the methodology, but the development is such that it can be applied to
SFRP material systems processed through other manufacturing methods. We aim to
extend the current capabilities of ‘reverse engineering’ in Digimat for the circumstance
of limited experimental measurements and, with the use of a suitable micromechanics
model, characterize the full mechanical SFRP composite elasticity tensor.

There are three components in the proposed inverse determination process. First,
we utilize a micromechanics model to predict the composite elastic properties based on
the constituent properties. Second, we conduct a limited set of experimental tests to
infer the fiber orientation and polymer properties. And, third, we implement a mathe-
matical framework that enables the inference of fiber orientation and effective polymer
properties by connecting the model predictions to the experimental measurements. We

discuss each of these in the following sections.

2. Micromechanics Model

First, we discuss the micromechanics model. The microstructure of a multiphase
composite is typically homogenized using a Mean Field Homogenization (MFH) method
to transition from the microscale constituent properties to the macroscale response of
the composite. A two-step homogenization method [30] which utilizes the Mori-Tanaka
model is used in this work [31]. We use the two-step homogenization method with
the Mori-Tanaka/Voigt model owing to its success in predicting effective properties of
two-phase composites [30, 32, 33]. The model invokes the dilute suspension assumption
making it suitable for composites with low fiber volume fraction, up to approximately
25% by weight for carbon fibers. Therefore, this paper focuses on low fiber volume
fraction composite materials. Nevertheless, it is important to note that the inference
methodology discussed in this work can be applied to higher fiber content given the
appropriate micromechanics models that represents the high fiber content system well.
The micromechanics model requires a list of inputs at the microscale to make predic-

tions at the macroscale. These include the mechanical properties of the transversely
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isotropic fibers, the fiber aspect ratio, fiber orientation, and constituent polymer prop-
erties (isotropic). Since we aim to inversely determine the fiber orientation and polymer
properties, the other inputs are given to the model. The material system used in this
study is short fiber 20 percent by weight carbon fiber (CF)- Polyetherimide (PEI) pro-
duced by SABIC (LNP"THERMOCOMP™AM COMPOUND EC004EXARI1). The
transversely isotropic fiber properties of the fiber were found in the literature [34]. The
fiber length distribution was measured using optical microscopy after burning off the
polymer and dispersing the fibers on a glass slide as outlined in [35]|. Fig. 1 shows the
fiber length distribution measured experimentally . The average fiber length is divided
by the average fiber diameter (measured to be 6 um) to estimate the fiber aspect ratio.
The second order orientation tensor, A, following Advani and Tucker [36], is used to
describe the orientation distribution of the fibers. The fourth-order orientation tensor
is required for the orientation based stiffness averaging during the second step of the ho-
mogenization. The fourth-order orientation tensor is estimated using the second order
orientation tensor using orthotropic closure approximation developed by Cintra Jr and
Tucker I11 [37]. The orthotropic closure approximation has shown to produce acceptable
results for composite stiffness predictions as shown in [33|. However, it is important
to note that there are cases where the second-order fiber orientation description might
prove insufficient [38]. In this study, the fibers orientation is assumed to possess only
the three diagonal terms in the principal directions as done in [39]. Also, since the
diagonal entries on the orientation tensor add to one, we are left with four properties
that are to be inversely determined, i.e., the matrix modulus (F,,), matrix Poisson’s
ratio (v,,), and the two terms of the orientation tensor (aji, ass). The variable agz is
calculated by, ags = 1 —ay; —age. We present the application of our methodology for an
additional material system - 25 percent by weight carbon fiber (CF) Polyethersulfone
(PESU) produced by Techmer (Electrafil® PESU 1810 3DP) as a validation case in
Sec. 5.3.
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3. Experimental Methods

3.1. Specimen Preparation

Having discussed the micromechanics model, we now discuss the methods to prepare
specimens and the experimental tensile tests conducted. Specimens to be tensile tested
are prepared from panels which were printed on the Composites Additive Manufactur-
ing Research Instrument (CAMRI). CAMRI is a medium scale extrusion deposition
system developed at Purdue University to investigate the phenomenon governing the
manufacturing process in EDAM. Details about of the system can be found elsewhere
[40]. Three sets of specimens are required to perform the necessary tests to obtain the
tensile modulus of the printed composite in the three material directions and two of the
three Poisson ratios, i.e., Ey, FEs, Fs3, 151, and v13. Fig. 2 shows the material orientation
where the 1-direction corresponds to the printing direction, the 2-direction corresponds
to the direction transverse to this direction in the printing plane, and the 3-direction
corresponds to the stacking direction of the printed beads.

To prepare specimens for the tensile tests in the three material directions, panels
were printed in two different orientations. A nozzle with an diameter of 4 mm was used
in the CAMRI system and the bead deposition conditions were set such that the printed
bead had final dimensions of 6.15 mm and 1.5 mm in width and height, respectively.
The processing conditions were kept the same while printing both the panels. Fig. 2 (a)
shows the panels used for preparing specimens for characterizing the elastic properties
in the 1 and 3 directions. Similarly, Figure 2 (b) shows the panels used for preparing
specimens for characterizing the elastic properties in the 2-direction. On the one hand,
Panel A was printed with three beads across the width which produced panels with
final dimensions of L=320 mm, W = 18.45 mm, H = 321 mm (Fig. 2 (a)). The two side
beads in panel A were removed through a machining operation. On the other hand,
panel B was printed with six beads stacked in the 3-direction which produced panels
with final dimensions of L=175 mm, W = 159.9 mm, H = 9 mm (Fig. 2 (b)). The

top and bottom beads in panel B were removed through a machining operation. A
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heat treatment at the glass transition temperature of the polymer (210° C) followed
the machining process of the panels to promote relaxation of thermal residual stresses
induced during the printing process. Tensile specimens were cut using a waterjet system
and then dried in an oven at 100 C for one hour to remove moisture from the waterjet
cutting. Once the specimens were dried, the specimens were spray painted with white
matte paint and speckled to be prepared for digital image correlation (DIC) based
strain measurements. The paint was left to dry for 24 hours before speckling with a
black stochastic pattern. Care was taken to apply only a thin layer of paint to avoid

measuring the compliance of the paint during the strain measurements.

3.2. Mechanical Testing

The tensile tests were conducted according to the ASTM D3039 standard — Stan-
dard Test Method for Tensile Properties of Polymer Matrix Composite Materials [41].
The DIC was performed using a two-camera setup (5-megapixel cameras/17 mm lenses)
with the VICSnap and VIC 3D software (Correlated Solutions). The specimen was illu-
minated using a set of lights to improve the contrast and to focus the speckled pattern
on the specimen and care was taken not to overexpose the region of interest. Hydraulic
friction wedges were used to grip the ends of the specimen. The test was conducted a
rate of 1 mm/min. The test setup is shown in Fig. 3. Three sets of experiments were
conducted to measure the elastic modulus in the three material directions. The speci-
men dimensions are shown in Fig. 4. The stress was computed by dividing the force by
the average area. The average strain was computed over the speckled region illustrated
in Fig. 4 (74 x 13.5 mm for specimen in 1-direction and 73 x 24 mm for specimen
in the 2 and 3-directions). It is known that the fiber orientation varies throughout
the dimensions of the printed bead. Therefore, by averaging the strain measurements
obtained from the DIC, we average the effect of the fiber orientation distribution. Since
the goal of this work is populate the elasticity tensor of the composite with few exper-
imental tests, we do not consider the effect of variation of fiber orientation throughout

the specimen. We replace the variable orientation state with an “average” and uni-
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form orientation and since the “effective” elasticity tensor is developed by averaging the
properties over the bead volume, the two approximations are consistent.

Next, the elastic modulus is measured as the slope of the linear portion of the stress-
strain plot taken to be from 250 to 600 micro-strain [41|. The average moduli from the
three tests are obtained to be E;= 15.42 GPa, Ey= 5.14 GPa, and E3= 4.12 GPa.
Fig. 5 shows the elastic moduli for the tested specimens in the three directions with
their average values. Note that for the remainder of the paper, reference to experimental
measurements implies that the average value of each specific test is used in calculations.

The average Poisson’s ratio was characterized as 15, : 0.18 and 143 : 0.35

4. Formulation of Inference Process

4.1. Background on Support Vector Regression

We now present the mathematical formulation for the inverse determination prob-
lem. Inverse problems are often found in medical imaging [42] and in areas of geophysics
with application to mineral and oil exploration [43|. The inverse determination problem

can be stated as :

x* = argmin L(f(x),y), (1)

x

where L is a suitable error metric. We propose a squared error loss metric as:

L.y = (£ - 1)2 , @)

iz N Yi

where f;(x) is the model prediction for the corresponding experiment y;. The model
at hand is the micromechanics model discussed in section 2 and the model parameters
are the matrix modulus (E,,), matrix Poisson’s ratio (v,), and the two terms of the
orientation tensor (ajj,ass). The micromechanics model predicts the nine independent
elastic constants necessary to describe an orthotropic material system. However, only
five of the nine elastic constants are experimentally determined, namely - Ey, Ey, E3, vo;

and v13. Notice in Eq. (2) the summation is for ¢« = 1,2,3. This has been explicitly
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stated since we compare the inference process under two settings. First, we consider
the case where the three elastic moduli of the composite, namely Ei, Fs, and Fj3, are
measured experimentally. Second we consider the case where only Ei, E3 and 145 are
known. The motivation behind assessing the inference problem under the second setting
is to investigate if the polymer properties and the fiber orientation state could be
inferred from a reduced set of experimental measurements, namely properties measured
from specimens extracted from a single printed panel (Panel A, Fig. 2 (a)). Recollect
that Panel A is used to measure the elastic moduli in the 1 and 3 directions. These
tensile tests can be used to identify the value of v15 as well. Therefore, by studying the
second setting we assess the feasibility of the inference problem when only one of the
two panels is printed.

Referring back to Eq. (2), we choose this loss to have normalized values across
different experiments. Further, directly minimizing Eq. (2) is not computationally
feasible owing to the cost of evaluating expensive micromechanics models. Therefore,
the loss function £ is replaced with a surrogate, £’, which is computationally inexpensive
to evaluate [44]. In particular, we use the support vector regression method (SVR)
[45] to create a surrogate for parameter-loss pairs. This surrogate enables the use
of suitable (potentially expensive) micromechanics model while keeping the inference
problem computationally feasible. It is important to mention that the minimization
problem can be solved using derivative free optimization methods which include the
genetic algorithm, particle swarm optimization, and simulated annealing [46]. However,
search algorithms may require a large number of function evaluations to reach a minima.
Bayesian optimization, as used in [47], can also be used for the inference in the case of
expensive micromechanics models.

SVR defines a generalized linear model as:
L' (x,w,b) = w ®(x) + b, (3)
where w is the weights vector for the non-linear basis functions, ®(x). SVR models

10
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promote generalizability to unseen data by defining an e-insensitive tube around the
predictions. The parameter b accounts for biases that need to be learned from data.

The learning problem is formulated as:

argmin w' w + C Zf + &5, (4)
w,b,&,E* p

subject to:
Li— (Wox)+b)<et& (5)
(WId(x)+b) —L; < e+ & (6)

The index ¢ refers to the training data. The term 1 w'w in Eq. (4) serves as

1

5 wl'w prevents extremely large values

regularization term and avoids overfitting, i.e.,
of w and enhances the generalizability of the regression model. The term C' )" | £ +&*
is the training error term which shows the effectiveness of the regression model to learn
L;, and C is a positive constant that determines the amount of penalized loss during
the optimization process. A greater value of C' promotes the algorithm to minimize
the empirical risk, which is defined as the difference between the regressor prediction
(i.e., the value of w’ ®(x) +b) and the actual value, £. A smaller value of C' allows the
errors to be excessively tolerated causing the regressor predictions to be poor. & and
&F are the slack variables that specify the training error with an insensitivity region of
+e. We choose the value of C' using a grid search cross validation which is explained
in the next section. The effect of the slack variables is enforced in Eq. (5) and Eq. (6)
as constraints. The illustration shown in Fig. 6 shows the e -insensitive tube in dotted
lines. The data points lying inside this tube, and shown as hollow circles, are not
penalized. The solid circles in Fig. 6 are outside the tube and hence have ‘slack’ that

needs to be compensated by changing the regressor parameters (i.e. w and b).

Next, we present a crucial aspect in the learning of the SVR parameters, w and b,

11
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i.e., choosing the right basis transformation ®(x). Choosing the right basis functions
for the non-linear transformation of the inputs (®(x)), is often difficult due to the lack
of knowledge of the input — output relationship. SVR is trained in the dual space and
requires only the evaluation of the kernel function defined by K (x;,x,) = (®(x;), D(x;)),
where (-, -) represents the dot product. This investigation uses a standard radial basis
kernel defined by K (x;,x;) = exp(—7|x; — x;|?). Further details of the theory behind
SVR is explained elsewhere [45]. The choice of the radial basis kernel is supported by the
fact that the radial basis kernel spans an infinite dimension and hence can approximate

complex input-output relationships.

4.2. Data Set Creation and SVR training

To train the SVR, inputs were generated from a Latin Hypercube design [48] and
the loss function, shown in Eq. (2), is evaluated at each of the design points to create
a dataset of input-loss pairs ; D = {x;,£;}. Some of the design points generated
violate the physical constraint enforced by the statistical description of the orientation
tensor:ai; + age < 1. Therefore, we discard the points from the dataset that violate
this constraint. The entries of this 4-D vector are the matrix modulus (E,,), matrix
Poisson’s ratio (v,), and the two terms of the orientation tensor (ajj,as), i.e. x =
(Em, Vm, a11,a22). Note that the third diagonal entry of the orientation tensor, ass,
can be calculated by ass = 1 — ay; — age. The fitting process can now be performed
as outlined in the previous section. However, there are multiple parameters that need
to be user-specified. First, the value of the parameter C' in Eq. (4) has to be chosen.
Second, we need to choose the value of the parameter, 7, to defining the radial basis
kernel. Note that the parameters C' and v are dependent and hence it becomes difficult
to manually find the right combination that produces the best regressor prediction.
To that end, we use the Grid Search Cross-Validation [49] method to find the best
combination of these parameters. Grid search is a method by which the range and step
size of all the parameters are specified and each combination of the hyperparameter

set is tested to find the best one via a k-fold cross validation. In the k-fold cross
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validation, the data is divided into k groups after which £ — 1 groups are used for
the training process and the remaining one group is used as a test data set. This is
done k times until each group acts as test data set at least once. The average of the
test error score serves as a measure of the effectiveness of a particular combination of
parameters in explaining the data. Once the k-fold cross validation is conducted for
each hyperparameter combination, the set with the least test error is chosen as the
optimal parameter set. It is important to note here that grid-search is an expensive
approach and cannot be used in cases with large number of parameters to be tuned.
There are other methods for parameter tuning including Bayesian optimization [50] and
metaheuristic algorithms such as particle swarm optimization, ant colony optimization,
and genetic algorithms [51-53]. We choose the grid search method owing to its ease in
implementation and understanding. In this study we choose k=5, i.e., we use a 5-fold
cross validation for the parameter tuning. To evaluate the regressor performance on
the test set the R? score is used. To clarify, the average R? value obtained from the k

folds is reported as the test score.

4.3. Inference Process

Once the SVR surrogate is trained, the inference of the fiber orientation and the
polymer elastic properties can be performed. The inference problem can be solved by
minimizing the response of the SVR surrogate, i.e., the minimization problem in Eq. (1)
is restated as:

x* = argmin £'(x,w,b). ()

Since we found the values w and b during the training process, Eq. (8) represents
an optimization problem in only x. In this study the sequential linear least squares
quadratic programming (SLSQP) is used owing to its flexibility to handle constraints
and bounds [54]. Note that there are no equality or inequality constraints in our
inference problem, however, the parameters to be inferred are bounded. The bounds
chosen are given in table 1. Bounds are chosen based on the material being printed

and the system used to print it. For example, from previous printing experience [39],
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we anticipate the value of a;; to be greater than 0.45 and therefore it is kept as a lower
bound. The code for the SVR surrogate training and the optimization is implemented
in Python using open source packages [55]. The inference process is illustrated using a

flowchart shown in Fig. 7.

5. Results and Discussion

5.1. Inference using E1, Ey and Fs

We first present the results for the case where we use the three experimentally
measured composite elastic moduli, ie., Fq, Es and FEs5 for the inference process. A
dataset D of size 202 points is created for the training process. Here, the 202 data
points are created after rejecting the points which vioaltes the constraint of ai; +
asy < 1. Next, the SVR surrogate is trained using the Grid-Search cross validation
to find the best combination of hyperparameters. The range of the parameter, C is
chosen to be 15 equally spaced values between 1 and 100. For the parameter v, 20
equally spaced values between 1 and 20 are chosen. The value of € is chosen to be
0.05, i.e. during the training process for the loss surrogate the prediction errors below
0.05 are not penalized. The best hyperparameter obtained is the combination of C=
100.00 and v=5.00. The R? value obtained for the best hyperparameter setting is
0.993 indicating that the predictor represents the data well within the bounds of the
e-insensitive tube. In this case we notice that the parameter C attains the largest
value in the grid search. However, it is noticed that further increasing the upper
bound of C does not change the prediction of the regressor. Now, we conduct the
optimization as stated in Eq. (8) using the SLSQP method. Since the SLSQP method
is a gradient based method the optimization step is conducted with different starting
points to evaluate the possibility of local convergence. It was observed that different
starting points converged to the same optimal value. Further, to confirm the minimum
obtained is indeed a global minimum the dual annealing global search [56] is used to

search for the minimum. It was found that all the former runs yield the same result
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indicating that the minimum obtained from SLSQP is indeed the global minimum. The
inversely determined properties are summarized in table 2.

We now use these inferred values as inputs to the micromechanics model to predict
the composite level mechanical properties and compare them to the experimentally
observed values. To serve as a test case of the proposed method, we measure the shear
modulus in the 1-3 direction by preparing samples from Panel A. The shear modulus
was characterized according to the D5379 Standard Test Method for Shear Properties
of Composite Materials by the V-Notched Beam Method [57]. Table 3 shows that the
composite stiffness predictions using the inferred properties are in good agreement with
the mean experimental values. First, we see that the three elastic moduli are in good
agreement with predictions. This is expected since the average elastic moduli were
used in the inference process. Second, we also see that the values of 43 almost match
exactly. Third, it is important to note that the values of the shear modulus, G;3, do
not match exactly. This could be attributed to the fact that the micromechanics model
neither accounts for the variation of orientation of the fibers within a printed bead nor
for the effect of the interface developed between adjacent layers.

The effect of this variation could be pronounced under shear loading leading to
different shear modulus predictions from the micromechanics model. Further, it should
be noted that the fiber properties were taken [34] which might not represent the actual
fiber properties used in this SFRP system. The discrepancy in the 15, could also be
affected by the fact that signal-to-noise ratio is low when measuring small strains via
the DIC. To clarify, the strain in the 1-direction (printing direction) is low due to the
preferential alignment of fibers in this direction during the printing process. This could

lead to erroneous experimental measurements and thereby augment the prediction error.

5.2. Inference using Ey, E3 and vy3

We now present the results for the case where we use E7, E3, and vq3 for the infer-
ence process. Similar to the previous section we create a dataset of 202 points which

is a result of rejecting the data points that violate the constraint of a1 + a9 < 1.

15



369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

Again, the SVR surrogate is trained using the Grid-Search cross validation to find the
best combination of hyperparameters and the value of € is kept to be 0.05. The best
hyperparameter combination obtained in this case is again C' = 100.00 and v = 5.00.
The R? value obtained is 0.994 indicating that the predictor represents the data well
within the bounds of the e—insensitive tube. Next we perform the optimization to infer
the polymer properties and fiber orientation state. The inferred properties are listed in
table 4. Comparing the inferred results in table 4 we see that they match closely with
the values in table 2. The components of the orientation tensor (a;; and ass) in table
4 match exactly with the values in table 2. There is a slight variation in the inferred
matrix properties which is the result of differences in the loss function when we use
different set of experimental values. Nonetheless, this result clearly indicates that we
can infer the effective polymer properties and fiber orientation state by printing only
Panel A. This observation is important since this can significantly reduce the experi-
mental efforts of material characterization. However, to completely validate the claim
of needing to print only one panel, we need to apply this methodology to a different
material system and therefore it will be a topic of future investigations.

We now use these inferred values as inputs to the micromechanics model to predict
the composite level mechanical properties and compare them to the experimentally
observed values. This is shown in table 5. We find that overall the results are in good
agreement with the experimental values. We notice again the error is pronounced in
the G153 and vy, predictions. This is anticipated since the inferred values in this case
are similar to the case presented earlier. These results indicate the potential of our

methodology in reducing experimental characterization efforts considerably.

5.3. Inference results for CF-PESU

We present the results of our outlined methodology applied to an additional material
system - 25 percent by weight CF-PESU. Following the same method as outlined earlier,
we create a data set of size 202 points for the training procedure. The range of the

parameter, C, is chosen to be 15 equally spaced points between 1 and 100. For the
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parameter, v, 20 equally spaced values between 1 and 15 is chosen. The experimental
data for the inference is taken from [58]. We use the stiffness values - E;, Ey, and F3 for
the inference. The inversely determined properties are summarized in table 6. Using the
inferred values as inputs to the micromechanics model, we predict the composite level
mechanical properties and compare them to the experimental values obtained from [58|.
This is shown in table 7. Notice that eight out of the nine independent constants have
been experimentally measured by Ramirez [58] and therefore serves as a good validation
case for our methodology.

From table 7 we see that the predictions for Fy, Fs, and E3 are in good agreement
with the experimental measurements. This is expected since we used these values for
the inference. In this case, we also notice that 15, prediction is in better agreement with
the experimental value compared to the case with CF-PEI discussed earlier. Further,
the v13 values match exactly. We also see that the predictions of G153 and G5 are in good
agreement with the experimental values. However, the error in the (G135 is considerable.
The coefficient of variation for measuring G35 was calculated to be 39.45% indicating
that the mean experimental value could be biased and therefore aggravate the prediction
error. These results indicate that our method can be used to populate the elasticity
tensor for printed short fiber-reinforced polymers and thereby is of immense importance

in reducing extensive experimental characterization.

6. Conclusions

In this paper we present a methodology to infer the orientation state of the fibers and
the polymer properties in a SFRP composite. This study was motivated by the need
to reduce extensive experimental efforts to measure the fiber orientation and effective
polymer properties. The methods implemented in this work show that we are able to
infer composite properties in SFRP composites with as few as three tensile tests. The
predictions of the composite elastic properties using the inferred constituent properties
and fiber orientation tensor are in good agreement with the experimental measurements.

There are some discrepancies in the shear modulus and the Poisson’s ratio predictions.
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The error in the shear modulus predictions could be attributed to the fact that the
micromechanics model used in this study does not account for the variation of the
fiber orientation within a bead nor for the effect of the interface of printed beads.
This warrants further investigation in the form of formulating a better micromechanics
model that better predicts shear behavior of the printed bead. The discrepancy in the
vy predictions could be aggravated by the fact that signal-to-noise ratio is low when
measuring small strains via the DIC. To clarify, the strain in the 1-direction (printing
direction) is low due to the preferential alignment of fibers in this direction during the
printing process. This could lead to erroneous experimental measurements and thereby
augmenting the prediction error. We also identify future directions for this work in
light of some limitations. The support vector regression method used requires user
specification of the value of € to define the e insensitive tube. We specify this value
to be 0.05. However, this might not be the optimal case for other material systems or
cases where the strain is measured using strain gauges. Therefore, following a Bayesian
approach for the inference could make the process more robust and enable the user to
calibrate both parameter and measurement uncertainty.

In conclusion, we present a method to infer the fiber orientation in a printed short
fiber-reinforced composite and identify the elasticity tensor using as few as three ten-
sile tests. Hence, this paper advances the state of the art in inverse determination
beyond the available tools in Digimat and existing published literature. The potential
of our method to populate the elasticity tensor just by printing one panel is of immense

importance in accelerating the design phase of printed SFRP composites.
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Figure 1: Fiber length distribution of the processed 20 percent by weight CF-PEIL.
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Figure 7: Flowchart illustrating the inference process
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Table 1: Bounds on the parameters to be inferred

Parameter

Lower Bound

Upper Bound

Matrix Modulus, F(GPa)
Matrix Poisson’s Ratio, v

11
22

1.50
0.30
0.45
0.00

4.20
0.42
0.90
0.50

Table 2: Inferred properties using 7, Fo and E3 for CF-PEI

Parameter Inferred Values
Matrix Modulus, E(GPa) 2.72
Matrix Poisson’s Ratio v 0.36
a1 0.75
a929 0.17
a3z = 1— 929 — A11 0.08

Table 3: Composite property predictions for CF-PEI using the inferred material properties in table 2

Property Predictions Using Mean Experimental | Percentage Error(%)
Inferred Properties Measurements
E1(GPa) 14.66 15.42 1.90
Es(GPa) 1.93 5.14 4.08
B5(GPa) 422 412 2.42
G12(GPa) 2.52 Not Measured NA
G14(GPa) 1.88 2.55 26.27
Go3(GPa) 1.53 Not Measured NA
Vo 0.14 0.18 992,99
13 0.36 0.35 2.78
Vo3 0.45 Not Measured NA

23



Table 4: Inferred properties using E7, F3 and v13 for CF-PEI

Parameter Inferred Values
Matrix Modulus, E(GPa) 2.67
Matrix Poisson’s Ratio v 0.35
a1 0.75
a929 0.17
a33 = 1-— 92 — A71 0.08

Table 5: Composite property predictions for CF-PEI using the inferred material properties in table 4

Property Predictions Using Mean Experimental | Percentage Error(%)
Inferred Properties Measurements
E,(GPa) 14.56 15.42 5.57
E»(GPa) 4.89 5.14 4.86
E4(GPa) 4.10 4.12 0.49
G12(GPa) 2.50 Not Measured NA
G13(GPa) 1.86 2.55 27.05
Gas3(GPa) 1.52 Not Measured NA
Va1 0.14 0.18 22.22
V13 0.35 0.35 0.00
Vo3 0.44 Not Measured NA

Table 6: Inferred properties using Fy, F5, and E3 for CF-PESU

Parameter Inferred Values
Matrix Modulus, E(G Pa) 2.34
Matrix Poisson’s Ratio v 0.34
a1 0.77
Q29 0.16
a3 =1 — a9 — ag 0.07

Table 7: Composite property predictions using the inferred material properties for CF-PESU

Property Predictions Using Mean Experimental | Percentage Error(%)
Inferred Properties Measurements
Ey(GPa) 15.93 16.92 5.85
E2(GPa) 473 4.85 2.47
E3(GPa) 3.86 3.79 1.84
G15(GPa) 2.54 2.88 11.81
G15(GPa) 1.78 1.26 41.26
Ga23(GPa) 1.44 1.33 8.27
Vo, 0.12 0.14 14.29
V13 0.34 0.34 0.00
Vo3 0.43 Not Measured NA
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