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Abstract

Fiber-reinforced composites contain microscale features such as variations in local fiber
volume fraction, fiber clusters, and resin-rich regions, which may impact mechanical proper-
ties. Microscale models need to be large enough to capture these features while maintaining
high fidelity to capture the localized fiber-to-fiber interactions. This makes it difficult to
efficiently model regions with equivalent fiber morphologies to as-manufactured scans and
to perform large statistical studies to examine how these features drive mechanical perfor-
mance. This study uses a novel microstructure generator and an efficient micromechanical
model along with a characterization method that measures the geometry of these features
to simulate a wide range of microstructures for strength and stiffness. After understanding
how the mechanical properties are affected by morphology through correlation matrices,
equivalent microstructures were generated to regions of an as-manufactured composite.
The generation of microstructures based on different morphological descriptors allows
for an understanding of which features are valuable when modeling these materials. In
comparing microstructures with different equivalent descriptors to the case with all six de-
scriptors, it was found that only using local fiber volume fraction median resulted in over
predictions of strength and stiffness. Once two descriptors or more were introduced, such
as local fiber volume fraction median and inter-quartile range, there was no significant
difference in strength and stiffness. This suggests that at least two descriptors should be
considered when generating equivalent microstructures for mechanical properties.

Keywords: microstructure; composites; characterization; simulation; fiber

1. Introduction
Fiber-reinforced composites are versatile engineering materials with applications in

many industries because of their high stiffness and strength-to-weight ratios. Although this
facet is known, composites are difficult to use in practice because of the high safety factors
stemming from uncertainty in their mechanical properties [1,2]. This often requires ply
build-ups and reduces the strength-to-weight benefits. Uncertainty in mechanical proper-
ties can arise due to variability in manufacturing, such as fiber and tow misalignment [3–8],
voids [9–13], thermally induced residual stresses [14–17], and fiber arrangement [18–22], to
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name a few. To improve confidence in the design of these materials, computational models
can be developed that capture these phenomena and predict mechanical performance.

One prominent source of variability is heterogeneity in the microscale fiber arrange-
ment, where fibers can either group close together to form clusters or be dispersed, resulting
in matrix-rich regions. These regions create localized areas where failure can easily initiate
and propagate [20,21,23–25]. Bednarcyk et al. [26] simulated microstructures with different
amounts of fiber clustering and found that microstructures with clustering always yielded
earlier than uniform arrangements. Conversely, Ghayoor et al. [24] simulated the effects
of resin-rich regions on the failure of fiber-reinforced composites. Their results suggested
that when a resin-rich region was artificially added, and the fibers around the resin-rich
region were very close, the failure strain dropped significantly. Whereas hexagonal ar-
rangements significantly increased failure strain past any non-uniform arrangement. These
studies emphasize the impact fiber arrangement has on mechanical properties but can
only examine a few microstructures due to the computation time required for mechanical
simulation. Modeling these microstructures can be computationally expensive because of
the domain required to capture enough fibers to be representative of actual arrangements
while maintaining enough fidelity to capture close, local fiber-to-fiber interactions. To
model the effect of microscale variability on mechanical properties, methods need to be
employed where fiber arrangements can be efficiently generated and simulated considering
nonlinear constitutive behaviors. Then, these responses need to be correlated to microstruc-
ture morphologies. Achieving this requires a comparison between real and artificial fiber
arrangements. This starts with the ability to characterize random fiber arrangements based
on descriptors such as resin-rich and fiber cluster geometries.

Many methods have been developed to characterize the spatial distribution of fibers
at the microscale [22,27,28]. Commonly, studies use Ripley’s K function [29–32] or nearest
neighbor measures [33–40] to characterize and compare microstructures. These metrics
are typically easy to implement, mathematically robust, and can provide insight into the
randomness of a fiber arrangement. Although beneficial, these metrics do not intuitively
describe the microstructural features that commonly occur during manufacturing, but
rather mathematical constructs. Other methods, such as those developed in [6,27,28,41],
use triangulation-based algorithms to characterize microstructures based on geometric
features, such as fiber clusters and resin-rich regions, which are easily interpreted.

Once microstructures can be characterized for their features, methods need to be estab-
lished that can create equivalent, artificial arrangements. Microstructure generators are in
abundance throughout the literature with varying degrees of complexity [32,33,35–37,42–50].
The simplest and most common microstructure generators rely on random placement
until a desired volume fraction is achieved. These generators are commonly referred to
as random sequential absorption (RSA) and can present many problems associated with
a jamming limit at high-volume fractions [51,52]. The iterative nature of these processes
also increases the computation time required to reach higher volume fractions. Fixes have
been presented around this limit [53], but with this random placement, there is no con-
trol over forming microstructural features. Simulation-based generators can use more
input variables to control the spatial arrangement of fibers. These generators can be more
intricate, but are able to avoid jamming limits, maintain computational efficiency, and
correlate closely with actual fiber arrangements [27,36,37,42,54–56]. Méchin et al. [47]
highlighted this by examining different fiber arrangements and the impact on shear and
compression response. They found algorithms that emphasize clustering can better predict
certain properties than hexagonal or uniform. This highlights that the chosen generator
is significant in being able to capture or predict certain mechanical properties. The most
recent generators use machine learning algorithms to generate equivalent arrangements
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to microscopy scans [43,50]. While machine learning seems to be the natural path, these
models may depend on microscopic image quality for fiber detection and may not be easily
transferable to different material systems where fiber shapes and orientations can differ.
Generators have been comprehensively compared in studies such as [33,45,47], with the
conclusion that different mechanical properties depend on the fiber arrangement and, thus,
the generation. Likely, there is not a single best generation algorithm, but a generator
should be utilized that is capable of a wide range of fiber arrangements, which are equiva-
lent to real morphologies measured from scans. Furthermore, it is necessary to characterize
how simulated mechanical properties depend on the capabilities of the generator.

Not only do equivalent artificial microstructures need to be generated, but they need
to be simulated under loading to understand how fiber arrangement impacts mechanical
response. Specifically, it is important to understand which microstructure features can cause
premature failure. These features often include tightly packed fiber clusters where fibers
can be close or touching, which are difficult to include in mechanical simulations. Using
traditional finite element analysis (FEA), close or touching fibers require significant mesh
refinement, which ultimately increases computation time [57–60]. While this may not affect
linear elastic analysis significantly, nonlinear analysis, such as failure and fracture, depends
on accurately capturing these stress concentrations between fibers. This is especially true
when the primary mode of failure results from loading transverse to the fiber direction or
matrix cracks forming between neighboring fibers. Reduced-order, semi-analytical, and
various other models have been developed that can perform nonlinear analysis at a fraction
of the computation time, at the expense of some accuracy [61–66]. The benefit of these
models is that many large microstructures can be simulated, allowing statistical analysis to
be performed on how morphology impacts mechanical properties.

In this study, the impact of fiber morphology on mechanical properties, such as stiff-
ness and transverse strength, was examined. It is noted that there are other microscale
defects, such as voids and residual stresses, that can influence mechanical performance, but
the scope of this work is to comprehensively characterize correlations between fiber arrange-
ment and mechanical properties. A simulation-based microstructure generator was used to
generate a wide range of possible arrangements, characterized by local volume fraction,
fiber clusters, and resin-rich regions [27]. A comparison was made to a uniform–random gen-
erator that uses an RSA algorithm to show possible features that could be generated. Unlike
current research that focuses on a few microstructures with relatively low numbers of fibers
and small features, this work uses efficient generation, characterization, and simulation
tools to perform a large statistical analysis. To this end, 3500 random microstructures for
each case were generated and simulated for transverse strength and stiffness to show how
microstructural descriptors of fiber arrangement correlate to mechanical properties. These
microstructures, which vary in size and arrangement, allow for a complete examination of
the possible fiber arrangements formed by feature-based tools. Then, microscopy scans
were sampled and characterized to determine a minimum microstructure size required
to obtain constant features. This size was used to inform microstructures sampled from
larger scans, which were characterized and used as a baseline for arrangements possible
from manufacturing. Equivalent microstructures were generated with different descriptors
to show which descriptors are needed, at a minimum, to capture the same mechanical
behavior as one with all equivalent descriptors.
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2. Method
2.1. Artificial Microstructure Generation
2.1.1. Simulation-Based Generation

A simulation-based method for generating artificial microstructures was implemented
that can tailor fiber arrangements from user-defined inputs while maintaining a degree
of randomness [27,54]. The generator starts by seeding fibers randomly in a domain.
Once seeded, contact is enforced, and the fibers are allowed to relax until sufficient energy
is dispersed from the system. Different microstructures were generated by tuning seven
parameters that controlled the seeding and simulation. Seeding parameters consisted of
global volume fraction, Vf , number of fibers, n f , number of fibers per cell, n f /cell , minimum
fiber spacing, dmin, and margin, m. The simulation parameters consisted of contact damping,
dn

ij, and global damping, di. Further descriptions of these generator inputs are provided in
detail in [27]. For simplicity, fiber radius, r f , was fixed to 3.5 µm. With this generator, there
is no limitation on Vf and a microstructure can be made with a hexagonal close packing
(Vf = 0.902) with minimal degradation to computation time or efficiency. To generate
possible microstructures, 3500 pseudo-uniform random input combinations were sampled
from the ranges specified in Table 1.

Table 1. Input variables and ranges used to sample the simulation-based generator.

Parameter Variable Minimum Maximum

Global volume fraction Vf 0.20 0.80

Number of fibers n f 16 400

Minimum spacing dmin 0.05 × r f 0.01 × r f

Number of fibers per cell n f /cell 2 n f

Margin m 0.00 0.2 ×

 n f

2×ceil
(

n f
n f /cell

)
×

√
π
Vf

Contact Damping dn
ij 0.05 1.00

Global Damping di 0.05 1.00

2.1.2. Uniform–Random Generation

A simple, uniform–random microstructure generator was also implemented in this
study. These types of generators are often referred to as random sequential absorption
(RSA) algorithms and have already been rigorously studied and critiqued. RSA generators
are often simplest to implement due to the few independent variables, Vf , n f , and dmin,
and still are widely used as the default choice to create artificial arrangements [44,67–69].
Given the wide breadth of generators developed for the same purpose, it is significant to
distinguish their capabilities and how they relate to mechanical properties. If a simpler
algorithm, such as RSA, can capture real-life morphologies, then it likely should be the
default choice for that microstructure generation.

For the scope of this study, the developed simulation-based approach was compared
to an RSA generator, herein referred to as uniform–random, to examine differences in
microstructure morphologies and mechanical properties. An in-depth overview of the
uniform–random generation is not included in this manuscript because these algorithms
are widely available. The only difference in this manuscript is that constant boundary
lengths are calculated from a user-defined Vf and n f rather than being prescribed. A dmin

was also enforced between fibers during the placement. dmin for this generator was fixed at
the minimum defined in Table 1 because a higher dmin would only increase the uniformity
of the arrangement. These three parameters were used for consistency with the simulation-
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based generator. A constraint was enforced on the number of place attempts as n f× 10,000,
to allow for more attempts with larger or more densely packed microstructures. If the max
attempts were reached, the simulation ended, and the actual Vf and n f were recorded.
Periodicity of the fiber arrangement was maintained by projecting the microstructure over
each ±y, and ±z boundary.

A total of 3500 combinations of Vf , n f , and dmin were sampled based on the same
ranges for the simulation-based generation in Table 1. After the first 1000 microstructures
were generated, it was observed that many microstructures had a Vf of nearly 0.6. This is
because of the known jamming limitations of this approach and the inability to realize a
greater Vf than 0.6. When it was made to generate microstructures with a Vf higher than
0.6, the iteration max was reached, and the result was a microstructure closer to 0.6. To
account for this and achieve better variability at lower Vf ’s, the sample range of Vf for the
remaining 2500 microstructures, were constrained to be 0.25 to 0.6.

2.2. Feature-Based Microstructure Characterization

Once artificial microstructures were generated, a method for characterizing the fiber
arrangement was implemented. This characterization method has previously been shown
to compare and quantify microstructure arrangements using real-life data from microscopy
scans. The method, outlined in [27], works by triangulating neighboring fiber centers and
calculating a local fiber volume fraction, V j

f , within each triangle j. This results in a V j
f

distribution for a given microstructure, where a high V j
f indicates a close grouping of fibers

and a low V j
f indicates a resin-rich region. Otsu’s method was used to threshold the V j

f

distribution with two bounds, such that triangles with sufficiently high V j
f were identified

as fiber clusters (FCs) and low V j
f as matrix-rich clusters (MRCs). Then, a smoothing

algorithm was implemented that preserved large, connected groupings of neighboring
triangles with the same assignment. From this, descriptors were calculated to characterize
how fibers were arranged. The first two descriptors calculated were the median local fiber
volume fraction, VMdn

f , and the local fiber volume fraction inter-quartile range (IQR), V IQR
f ,

which were used because they are more sensitive to skewed distributions than mean and
standard deviation. Then the FC area density, ρFC, and the MRC area density, ρMRC, were
found as

ρk =
∑ Ak

∑ Aj (1)

where k represents either FC or MRC, Ak is the area of triangles assigned either FC or MRC,
and Aj is the area of all triangles in a microstructure. The last two descriptors measured
were the number of FCs, NFC, and the number of MRCs, NMRC, both normalized by the
total number of fibers in each microstructure, also expressed as

Nk =
Nk

n f
(2)

where Nk is the number of FCs or MRCs. A single cluster, either FC or MRC, is defined as a
group of triangles with the same assignment that are all connected by at least one side. For
instance, one FC can be made of multiple, connected FC-assigned triangles. A depiction of
this characterization process with an example microstructure is shown in Figure 1.
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Local fiber volume fraction 

(𝑉𝑓
𝑗
) calculation

𝑉𝑓
𝑗

Microstructure Thresholding

Fiber clusters (FCs) and 

Matrix-Rich Clusters (MRCs)

FC

MRC

Figure 1. The microstructure characterization process, where fiber positions are triangulated to
calculate a local fiber volume fraction, V j

f . Then, triangles are filtered as fiber clusters (FCs) or
matrix-rich clusters (MRCs) based on thresholding. Smoothing is employed to obtain the final FC
and MRC descriptors.

2.3. Equivalent Microstructure Generation with Machine Learning

The simulation-based generation process has an inherent randomness, commonly
known as aleatoric uncertainty, which is a characteristic of the system and cannot be
removed. For the simulation-based generator, this randomness stems from the fiber place-
ment before relaxation. Depending on the initial overlap, dispersion during the simulation
phase will result in slightly varying fiber arrangements for a single set of inputs. Since
one generator input combination is not deterministic, generating a microstructure with
predicted descriptors becomes a challenge.

In practice, the microstructure generation and characterization process typically occurs
in reverse order. Usually, microstructure characteristics and descriptors are known or
measured from microscopy of actual fiber arrangements, and the goal is to create an
equivalent set of artificial microstructures. To address this, a two-stage machine learning
model was developed, which can take a set of microstructure descriptors and produce
input combinations to the generator it believes will result in equivalent descriptors. The
first stage acts as the “learner”, where a potential set of candidates is determined from a
nearest neighbor regression. Then, each candidate is passed to the “evaluator”, which uses
a polynomial regressor to determine if the candidate can confidently produce the target.
In the case of this study, the learner determined input combinations for the generator
that it believed would produce a target microstructure descriptor, while the evaluator
determined the best viable input combination. If none of the input combinations pass the
evaluator, then no prediction will be given. This typically only occurred if the target was
out of the range of the training data. For this study, descriptors measured from scans were
compared to the generator to determine if similar ranges were captured. This framework
has shown strong prediction capabilities in producing equivalent microstructures with
multiple target descriptors compared to single-stage models. An in-depth overview of
the model is not presented in this manuscript but can be found in [70]. When the model
predicts an input combination, 50 microstructures are generated, and the one that matches
the target descriptors with the lowest percent difference is chosen as equivalent.

2.4. Efficient Micromechanical Model for Strength and Stiffness

An efficient micromechanical model was needed that could simulate the strength and
stiffness of thousands of microstructures generated. A fixed, triangulation-based mesh
model, developed in [61], was adapted where higher-order elements are used to capture
stress concentrations between neighboring fibers, but with fewer elements to maintain
computational efficiency. Microstructures created by each generator already had a periodic
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arrangement, and during the meshing algorithm, it was ensured that this periodicity was
maintained by having nodes on the bottom and left boundary projected to the top and
right. Unlike traditional micromechanical models, the edges of the microstructure are not
square due to the triangulation-based meshing from fiber center points. Regardless, since
the fiber arrangement is periodic, the user-defined number of fibers and volume fraction is
always maintained. Periodic boundary conditions were then enforced via the finite element
penalty method. Fibers were meshed with six-noded triangular elements, and the matrix
comprised eight-noded quadrilateral elements in the path between neighboring fibers, with
six-noded triangular elements in between. This mesh and discretization of elements are
shown in Figure 2.

Microstructure Mesh

Fiber Element

Matrix Elements

Figure 2. Mesh discretization of a microstructure where higher-order fiber and matrix elements are
represented in an isoparametric space.

To obtain transverse strength, S22, and stiffness components, C2222, C3333, and C2323,
each microstructure was given a prescribed uniaxial strain of 0.015 in the direction trans-
verse to the fibers. A stiffness homogenization scheme was used, where all components
could be found directly after boundary conditions were applied, mitigating any need for
load perturbations in all directions and, thus, additional integration.

It was assumed that failure could only occur in the matrix elements, which was
initiated by a maximum principal stress criterion when

σ1

σcr
≥ 1 (3)

where σcr is the critical stress of the matrix and σ1 is the maximum tensile principal stress if
σ1 ≥ 0. Fiber and matrix constitutive properties were determined solely from literature
and manufacturer data sheets. The 8552 matrix was modeled as isotropic, and the IM7
fibers were modeled as transversely isotropic, shown in Tables 2 and 3, respectively.

Table 2. Isotropic material properties of 8552 resin, as reported by Hexcel [71].

E (GPa) v σcrit (MPa)

4.67 0.36 121

Table 3. Transversely isotropic material properties of IM7 fibers, where 1 indicates the longitudinal
fiber direction [72].

E1 (GPa) E2 (GPa) v12 v23 G12 (GPa)

276 14 0.26 0.26 20



J. Compos. Sci. 2025, 9, 363 8 of 18

Principal stresses were checked at matrix integration points. For the triangular matrix
elements, if any integration point reached the criterion, the whole element stiffness became
zero. This was because the triangular elements are in regions where there typically are
lower stresses, and it was found that they would not fail in some cases. In the quadrilateral
matrix elements, if the criterion was reached, only the integration point was damaged,
resulting in the element stiffness effectively reducing. This model has been verified against
finite elements with linear elements, and the high-fidelity generalized method of cells for
microstructures of varying volume fractions and arrangements. The fixed-mesh model,
when compared to traditional techniques, showed a 2% error for stiffness and a 5% error
for strength.

2.5. Validation Using Microscopy Scans

Experimentation at the microscale is extremely difficult and has only begun in the liter-
ature [72]. The only available form of validation is using descriptors measured from actual
fiber arrangements. To this end, the mechanical properties recorded in this manuscript are
solely from simulation. It is still valuable to examine fiber arrangements that occur within
as-manufactured parts, and how relative differences in arrangements can affect simulated
mechanical performance.

Eleven microscopy scans of an IM7/8552 composite, each containing approximately
10,000 fibers, were used as validation in this study [73]. Fiber positions and radii were
extracted from images using a pretrained microscopy model [74]. The fitting of radii to
detected fibers was not perfect, which meant that some fibers were slightly overlapping. To
resolve this, because overlapping fibers is not realistic and can influence characterization,
relaxation was conducted where the fibers were allowed to disperse based on contact.
Since the overlaps were very small relative to the fiber radius, the dispersions did not
significantly alter the microstructure or fiber arrangement.

First, each scan was sampled with 500 square regions, or windows, ranging from
50 × 50 µm to 150 × 150 µm in 10 µm increments. This was to achieve a distribution of
microstructure descriptors across different scales. Smaller windows, such as 50 × 50 µm,
could have been placed within fiber clusters or a resin-rich zone, but a larger window was
more likely to contain both resin-rich and fiber-dense features. Each of the six descriptors
was recorded to determine where the distribution of a given descriptor is unaffected by
window size.

Once the minimum microstructure size was determined, four microstructures were
randomly sampled from that size window. The descriptors of each of these samples
were used as targets in the machine learning inverse model, where equivalent, artificial
microstructures were generated. First, only one equivalent descriptor was generated; then,
an increasing number of descriptors were added. The baseline comparison is an artificial
microstructure with all six descriptors that are equivalent to the window samples. This is to
determine if all six descriptors are needed to capture mechanical behavior, or only a subset.

3. Results and Discussion
3.1. Comparison of Microstructure Descriptors Based on Generation Technique

A total of 3500 microstructures from the simulation-based generator and from the
uniform–random generator were characterized for VMdn

f , V IQR
f , ρFC, ρMRC, NFC, and

NMRC. Then, they were compared to determine if the generation technique influences
possible fiber arrangements. Fifty randomly selected microstructures from the windowed
microscopy scans were added to show which generation process can produce similar
descriptors. First, V IQR

f was plotted against VMdn
f for all microstructures in Figure 3.
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𝑉𝑓
𝑀𝑑𝑛

𝑉 𝑓
𝐼𝑄
𝑅

Figure 3. Local fiber volume fraction inter-quartile range, V IQR
f , versus median, VMdn

f , for 3500 artifi-
cial microstructures created with a simulation-based generator and with a uniform–random generator.
Fifty characterized microstructures obtained from microscopy scans are also shown for comparison.

There is a distinct relationship between VMdn
f and V IQR

f that is observed for the
simulation-based generator in Figure 3. This relationship has previously been noted
in [27]. Essentially, a high V IQR

f indicates a wide distribution of V j
f , meaning there are

more fiber clusters and resin-rich regions. A low V IQR
f means that the V j

f distribution is

narrow, and the fibers are regularly arranged. This is why at a high VMdn
f , the V IQR

f is low
and has little variation because the fibers are forced into a hexagonal arrangement. It is
shown that the simulation-based generator can capture a wide range of V IQR

f and VMdn
f ,

while the uniform–random generator can only capture a nearly constant V IQR
f . These

microstructures, while random, have a more homogeneous fiber dispersion and do not
capture the extreme extent of fiber-dense and resin-rich regions. The scans fall on the upper
end of the curve created by the simulation-based generator, meaning that for a given VMdn

f ,
the scans typically have a higher degree of heterogeneity in their fiber arrangement. Rarely
can the uniform–random generator capture the same VMdn

f and V IQR
f of the scans, whereas

there are many points from the simulation-based generator that are near the scans. The
other four descriptors, ρFC, ρMRC, NFC, and NMRC, are shown in Figure 4.

𝜌
𝑀
𝑅
𝐶

𝜌𝐹𝐶 𝑁𝐹𝐶

𝑁
𝑀
𝑅
𝐶

a) b)

Figure 4. Comparison of characterized microstructures from a simulation-based generator, a
uniform–random generator, and microscopy scans for (a) area density of matrix-rich clusters (MRCs),
ρMRC, versus fiber clusters (FCs), ρFC, and (b) normalized number of MRCs, NMRC, versus FCs, NFC.

The uniform–random microstructures have similar values to the scans for cluster area
density, ρk, and the best for the number of clusters, Nk. The simulation-based generator can
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capture a larger region of ρFC (Figure 4a), and this encapsulates all values from the scan
sampling. The reason for this is likely due to the smoothing procedure to reach the final
cluster geometries. During smoothing, isolated FC or MRC triangles are removed, and only
ones that are connected to two or more neighbors are preserved. Since the uniform–random
generation produces homogeneous arrangements, most FC triangles are filtered out, while
the simulation-based generator can form these larger cluster features. Nk of the scans seem
to be captured well by both generators.

3.2. Simulated Strength and Stiffness Based on Generation Technique

Microstructures from both generation methods were simulated under transverse ten-
sion, where strength, S22, and stiffness components, C2222, C3333, and C2323 were recorded.
Each generator’s descriptors and mechanical properties are plotted as correlation matrices
in Figure 5.

Figure 5. Correlation matrices between descriptors and mechanical properties for microstructures
generated with the simulation-based method and with the uniform–random method.

The color intensity of the correlation shows how strong the relationship is. A correla-
tion of one indicates a strong positive correlation, while blue indicates a strong negative
correlation. For the matrices in Figure 5, a linear correlation was used. The first observation
to note is that for both generators, VMdn

f shares nearly the same correlations with all other
descriptors and mechanical properties as the stiffness components. The correlation between
VMdn

f and stiffness is nearly one, which indicates that stiffness is mainly dependent on,

and can be predicted by VMdn
f . It is already established that the main effect on stiffness

stems from Vf , and VMdn
f is very similar to Vf , as it describes the fiber arrangement in an

average sense. S22 shows strong correlations to many descriptors using the simulation-
based generator. The strongest correlation is between S22 and V IQR

f , which was mentioned
previously, and it does well at capturing how clustered the microstructure arrangement
is. The negative correlation of −0.48 between these two variables suggests that as V IQR

f ,
or the amount of heterogeneity increases, the transverse strength will decrease. Interest-
ingly, when looking at the S22 correlations in the uniform–random generation, there is a
decrease compared to the simulation-based generator. Since the descriptors and mechanical
properties are measured the same between both generators, the difference stems from the
uniform–random method not being able to generate a large range of fiber arrangements.
To illustrate this further, S22 is plotted against V IQR

f for both generators in Figure 6.
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Figure 6. Simulated transverse strength, S22, versus local fiber volume fraction inter − quartile range, VIQR
f ,

for microstructures generated with the simulation-based method and with the uniform–random method.

The simulation-based generator shows an observable trend between S22 and V IQR
f .

As V IQR
f increases, S22 tends to decrease. But with the uniform–random generator, only a

slice of the data is captured, which is consistent with the previous observations in Figure 3.
When comparing the scan data plotted in Figure 3, many scan samples have a V IQR

f
greater than 0.25, and the uniform generation cannot capture that. Thus, uniform–random
microstructures will tend to over-predict S22.

3.3. Size Effect on Descriptors Measure from Scans

Microscopy scans were sampled with randomly placed square windows to measure
fiber arrangements that may occur in real parts. Windows ranged in size from 50 × 50
to 150 × 150 µm in 10 µm increments. A total of 5500 windows were obtained for each
size, which were measured across 11 scans. Values of the six descriptors, VMdn

f , V IQR
f , ρFC,

ρMRC, NFC, and NMRC, were measured as a function of the number of fibers, n f , and are
plotted in Figure 7.
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Figure 7. Box and whisker plots of all six microstructure descriptors measured from randomly placed
square windows of increasing size within microscopy scans.
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The box and whisker plots in Figure 7 show distributions of measured descriptors as
n f increases, where n f was binned in increments of 50. Qualitatively, there is a leveling
of the measured descriptors as n f increases. In the range below n f = 200, VMdn

f and

ρFC starts low relative to the level-off because these values were measured from a low Vf

regions, which are mainly matrix. V IQR
f and ρMRC start higher and decrease as n f increases

because there is the most heterogeneity in the low Vf regions. To determine where the
descriptors are no longer a significant function of n f , the root-mean-squared (RMS) of each
box-and-whisker median and IQR were calculated in reference to n f = 600, in Figure 8.
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Figure 8. Root mean squared (RMS) of (a) the median and (b) IQR of measured descriptors as a
function of the number of fibers, n f . The RMS was calculated in reference to the maximum n f value.

RMS was chosen because it is less sensitive to very low values less than one, which
is common for many of these descriptors. The median and IQR were also used for this
measure from the box-and-whisker plots in Figure 7 because they are more sensitive to
skewed data. The RMS of the median in Figure 8a shows a steady decrease until n f ≈ 110,
where after this, the RMS is nearly constant. Similarly, Figure 8b shows a similar trend with
the RMS of the IQR. All these RMS values are very low and indicate that the measured
descriptors are not changing significantly after n f = 110. For the rest of this study, this was
set as the minimum microstructure size for equivalent generation.

3.4. Regeneration of Scan Samples

Four random microstructures were selected from the scan sampling at the minimum
n f determined from the previous section. These four microstructures are shown in Figure 9.

Microstructure 1 Microstructure 2 Microstructure 3 Microstructure 4

Figure 9. Four different microstructures sampled from microscopy scans of an IM7/8552 composite.

These microstructures vary in Vf and the overall arrangement. The microstructures
were characterized, and their descriptors are shown in Table 4.
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Table 4. Microstructure descriptors measured from sampled regions of a microscopy scan.

Microstructure Number VMdn
f VIQR

f ρFC ρMRC NFC NMRC

1 0.516 0.307 0.099 0.477 0.028 0.028

2 0.696 0.178 0.347 0.394 0.012 0.027

3 0.678 0.203 0.281 0.412 0.019 0.048

4 0.703 0.189 0.348 0.389 0.011 0.035

These descriptors were used as targets in the machine learning model to generate
equivalent microstructures. Each descriptor was introduced in order as a target. For in-
stance, equivalent microstructures were generated only based on VMdn

f , then VMdn
f and

V IQR
f , and so on until all six were used. The machine learning prediction resulted in gener-

ator inputs that were then used to run 250 microstructures. Then, the 20 microstructures
with the lowest cumulative percent difference to the targets were determined as the best
matches. Each microstructure was simulated for S22 and C2222. First, the results for the
simulated C2222 are shown in Figure 10.

Figure 10. Simulated transverse stiffness, C2222, of equivalent microstructures with different amounts
of descriptors to microscopy samples.

The baseline for each microstructure in Figure 10 is that of six equivalent descriptors,
drawn in black. This is meant to be the case that is most equivalent to the microstructures
in Figure 9. Although all descriptors are used in that case, the machine learning model
search becomes quite exhaustive to find an equivalent set of inputs. Typically, the fewer the
number of target descriptors, the faster the prediction. It can be seen when one descriptor
(VMdn

f ) is used as the target, C2222 is overpredicted. In fact, the case with one descriptor
has the highest percentage difference from the case with six descriptors. The reason for
this is that many different microstructures can have the same VMdn

f and microstructures

with different global volume fractions, Vf
′s, can have the same VMdn

f . A microstructure
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with a low Vf can have a higher VMdn
f when the arrangement is more heterogeneous.

When the machine learning model is only using VMdn
f to make a prediction, it can produce

microstructures with vastly different Vf
′s, and in this case, predicted higher values, which

increased the stiffness. Once two descriptors were used, VMdn
f and V IQR

f , the results become
much more consistent with the case with all six descriptors. These two descriptors provide
the most information about the local fiber volume fraction, V j

f distribution. Adding more
descriptors does not change the accuracy with respect to the six-descriptor case in any
predictable way. The other descriptors (such as ρk and Nk) are also obtained from this
distribution, so it stands to reason that VMdn

f and V IQR
f are the most important. To further

investigate this, simulated S22 is shown in Figure 11.

Number of Descriptors
1
2
3
 
5
6

Microstructure 1

Microstructure 2

Microstructure 3

Microstructure 4

 
 
 

 
 
 

 
 
 

 
 
 

𝑆22 (M a)

Figure 11. Simulated transverse strength, S22, of equivalent microstructures with different amounts
of descriptors to microscopy samples.

The distributions in Figure 11 for microstructures one and three show no meaning-
ful differences between all cases. Microstructures two and four share similar results to
Figure 10, where the case with one descriptor tended to over-predict. The reason for this is
the same as stated previously, only using one descriptor does not ensure any uniqueness to
the microstructure, like how two microstructures can have identical Vf

′s but vastly different
arrangements. Although not depicted, when comparing this effect on C3333 and C2323, a
similar trend is shared with C2222 and S22. When one descriptor is used for equivalent
generation, the prediction of mechanical properties is higher than in the rest of the cases.
Once two descriptors were introduced with VMdn

f and V IQR
f , the results become nearly

unchanged with an increasing number of descriptors. This highlights that VMdn
f and V IQR

f
seem to be the most important for characterization, but if other, additional descriptors are
desired, they can be introduced without significant effect to C2222, C3333, C2323 and S22.

4. Conclusions
In this study, a simulation-based microstructure generator was used to create a wide

range of microscale fiber morphologies that were then characterized by their local fiber
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volume fraction median, VMdn
f and V IQR

f , fiber and matrix-rich cluster area density, ρFC

and ρMRC, and number of fiber and matrix-rich clusters, NFC and NMRC. This generator
was compared to a simple, uniform–random procedure and regions sampled within a
microscopy scan to highlight its capabilities. This comparison showed that the simulation-
based generator was able to capture a larger range of possible microstructure arrangements
than the uniform–random generation. The simulation-based generator was able to capture
the same descriptors measured from the scans, while the uniform–random could only
capture a subset. Microstructures from both generation methods were simulated for
transverse strength and stiffness to understand the relationship between descriptors and
mechanical properties. Correlation matrices showed that VMdn

f was a near-exact positive
correlation to stiffness components. It was also found that transverse strength was most
correlated to V IQR

f . This means that as V IQR
f increased, which is indicative of how clustered

a microstructure was, the strength tended to decrease. The uniform–random generator was
unable to capture this correlation because it could only generate a nearly constant V IQR

f .
Descriptors measured from scans were used as a baseline in this study because actual

experimentation at this scale is not well-developed. Square windows of varying sizes were
randomly sampled across scans, and the descriptors for each size were measured. It was
shown how, for these scans, the descriptors changed as a function of the number of fibers.
The minimum microstructure size was found where there was no significant change in
descriptors, and four microstructures were randomly sampled at this size. Equivalent arti-
ficial microstructures were generated for each of the four samples with different numbers
of descriptors. This was performed to determine if all six descriptors were needed for
determining mechanical properties, or if only a few were required. It was found that for
all cases, only using VMdn

f to establish equivalency resulted in overpredictions of stiffness,
and in some cases, strength, compared to the case with all six descriptors. But when
VMdn

f and V IQR
f were used, there was no significant difference from the six-descriptor case.

This indicated that establishing equivalency based on VMdn
f and V IQR

f was sufficient in
capturing transverse strength and stiffness compared to all descriptors.

These findings highlight the importance of understanding how microscale fiber ar-
rangement can impact certain mechanical properties. Also, consideration must be taken to
ensure that generation techniques can capture the same arrangements that occur from actual
manufacturing procedures. While this work only focuses on the effect of microstructure
arrangement, future work should be geared towards additional microscale heterogeneities
such as voids or 3-D features.
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