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Abstract

The design of fiber-reinforced composite (FRC)-based components for marine energy
applications necessitates a fundamental understanding of material properties and the
resulting geometry to predict long-term performance. In this work, we present a modeling
workflow to predict linear elastic and diffusive bulk properties at the mesoscale for an
idealized geometry based on knowledge of fiber and resin properties. A parametric study
was performed to identify the key model input parameters that influence bulk properties.
Furthermore, we demonstrate how bulk properties can be leveraged in high-fidelity image-
based simulations, where imperfections in tow geometry and voids captured during X-ray
computed tomography imaging are explicitly represented within the simulation. Bulk
properties of interest include moduli, Poisson’s ratios, hygroscopic swelling, diffusivity,
and moisture uptake, which are key parameters for characterizing FRC performance within
marine environments. Modeling predictions agreed well with experimental data, except for
estimating swelling coefficients, likely due to crack accumulation as a function of moisture
uptake. The mesoscale modeling workflow ultimately highlights a versatile framework for
understanding the influence of material and geometric properties, which can be leveraged
to rapidly assess new FRC-based components.

Keywords: fiber-reinforced composites; X-ray computed tomography; finite element
analysis; experimental characterization; moisture absorption; computational mechanics;
material homogenization

1. Introduction
The design of new components for offshore renewable energy applications, such as

tidal power and wind farms, poses unique challenges due to combinations of ultraviolet
radiation, biofouling, corrosion, and moisture absorption, to name a few. Typically, conven-
tional metals have been leveraged for marine energy demonstrations due to their lower
manufacturing costs and well-characterized material properties. These materials, how-
ever, are susceptible to environmental degradation, which severely limits their long-term
performance [1].

Fiber-reinforced composites (FRCs) have many attractive properties that can address
these challenges. They have been proven in industries like aerospace and automotive for
their high stiffness-to-weight ratio, corrosion resistance, and tailorable material properties.
In maritime applications, composites began emerging as early as World War II, although
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many obstacles and challenges preventing their widespread adoption have persisted to this
day [2]. One difficulty is the continued lack of comprehensive and widely accessible data
on the properties of composites that are deployed within marine environments. A shortage
of empirical data and certainty of the material behavior in marine environmental conditions
can lead to highly conservative safety factors and inefficiency in design [2,3]. As a result,
many applications continue, resorting to conventional metals in spite of their shortcomings.

Due to their complex anisotropic properties, the development of accurate models of
FRC is challenging, particularly when modeling intricate geometric designs such as tidal
turbine blades. There is a need for modeling capabilities that can capture these complexities
in geometry and the effects of long-term moisture absorption. FRCs are prone to absorbing
moisture into the resin matrix and the fibers, depending on type, over long-term exposure to
marine environmental conditions [4–6]. Adverse effects on mechanical properties can occur
as a result of this absorption. In particular, swelling of the resin matrix due to moisture
uptake and the internal stresses resulting from the mismatch in expansion coefficients
between the fiber and matrix constituents have been identified as primary mechanisms of
strength degradation [7–10]. More recent efforts have been conducted by Krauklis et al. [8],
where the authors leveraged finite element analysis to determine effective hygrothermal
swelling coefficients. Good agreement was found when compared to experimental data;
however, this work was limited to the prediction of swelling coefficients at the microscale
for idealized geometries.

Moisture-induced swelling is only one aspect of the complex effects seen in marine
environments. Within renewable energy, the acquisition of reliable data is scarce and often
limited to a handful of demonstration projects with FRCs, such as those from Verdant
Power [11], and ORPC [12]. The development of effective models that capture damaging
environmental effects across varying length scales is imperative and has been a research
priority for some time [2,13–16]. But, to fully achieve this, models must not only account
for changes in mechanical and diffusive properties but also incorporate these effects into a
full range of length scales.

Based on the above, there remains a need for reliable data and modeling tools within
marine-based mechanical design. A thorough understanding of the material behavior,
particularly within the linear elastic regime, provides the foundational basis for predicting
strength, failure, and service life. This work aims to lay a critical foundation by exploring
the relationship between constituent material properties and behavior in the linear elastic
regime using a mesoscale modeling approach for composites used within the marine
renewable energy sector. Mesoscale modeling has been successfully leveraged within the
aerospace community in recent years to investigate the effective thermal and mechanical
properties of woven carbon and silica phenolic composite fabrics [17,18], and for lithium-
ion battery electrodes to investigate the active area, pore phase tortuosity, and effective
electrical conductivity electrochemically in as-manufactured geometries [19]. Recent studies
have accounted for the effects of cracks, voids, and defects through models derived from
X-ray computed tomography (CT) scan images [18,20,21]. Results have revealed a wealth of
knowledge to be learned from high-resolution capture of realistic microstructural features
of material systems. The extension of mesoscale modeling to marine-based materials and
environments, however, has been limited.

In this study, experiments are first performed to characterize a common resin system
and FRC used in marine energy environments. Experiments target characterizing elastic,
diffusive, and expansion properties of neat resin, as well as stitched glass fiber composite
coupons, after long-term submersion in distilled water. The experimental values obtained
are then used to determine modeling input parameters and for validation. Mesoscale
models are built with idealized geometry and material definitions to perform sensitivity
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analyses of constituent-level inputs on composite-level quantities of interest. Then, high-
fidelity image-based models derived from X-ray CT scans to capture voids and defects as
seen in the as-manufactured state are performed to observe the impact of these features,
with inputs informed in part by the results of the idealized model parametric sweep.

2. Materials and Imaging
2.1. Manufacturing

Numerous samples and testing procedures are needed to characterize both the mechan-
ical and hygroscopic properties of neat resin and glass FRCs. Coupons used in this study
were manufactured according to the American Society for Testing and Materials (ASTM)
standards to determine bulk moduli, Poisson’s ratios, and diffusivity. ASTM-D3039 [22]
was used to determine the axial and transverse Young’s modulus and Poisson’s ratio with a
coupon layup sequence of [0]2 and [90]4 for the axial and transverse directions, respectively.
ASTM-D3518 [23] was used to determine the axial shear modulus with a coupon layup
sequence of [±45]4. ASTM D638-14 [24] was used to determine the bulk Young’s modulus
and Poisson’s ratio for the neat resin. Experimentally derived diffusivity coefficients for
both the neat resin and composite coupons were determined using two methods. First,
a linear slope method was used by leveraging ASTM-D5229 [25], where diffusivity is
determined using

D = π

(
h

4Mm

)2( M2 − M1√
t2 −

√
t1

)2
, (1)

where h is the coupon thickness, Mm is the percentage of moisture equilibrium content,
and (M2 − M1)/(

√
t2 −

√
t1) is the slope of moisture absorption during the initial linear

portion of the curve. A second approach was implemented, based not only on the linear
portion of the moisture uptake curve, but also by defining a diffusivity coefficient using
a least squares approach on the experimental data from the initial moisture uptake until
complete saturation based on Fick’s law [26]. This approach was leveraged for comparison
due to potential error when defining the endpoint of the initial linear portion of the mass
uptake curve. No ASTM standard exists for determining swelling coefficients. As such,
swelling coefficients were determined from thick composites manufactured with a layup se-
quence of [0]24 to better measure the dimensional change due to moisture uptake. Samples
were submerged in distilled water at 50 °C, and mass uptake was measured periodically
until full saturation was achieved. Distilled water was used, as opposed to seawater, to
ensure maximum moisture uptake and to reduce uncertainty in measurements due to salt
formation on the composite surface, which must be removed prior to mass measurements.
Limited diffusion is experienced with seawater exposure due to salt compounds having
restricted mobility due to their size, and thus not diffusing into the polymer [27,28]. Mass
measurements were performed after allowing the moisture on the sample surface to fully
dry for approximately 30 min. The maximum percent mass uptake, M∞, was determined
at the final measurement taken at 160 days. Furthermore, no experiments were performed
using only fibers, and the values used for numerical modeling were obtained from the
open literature.

Manufacturing of the glass FRC coupons was performed using Saertex® (Huntersville,
NC, USA) 955 g/m2 stitched unidirectional glass fabric, and Saertex® 830 g/m2 stitched
biaxial glass fabric. Both fabrics were infused with Westlake (Houston, TX, USA)
135/1366 epoxy resin using vacuum-assisted resin transfer molding. After infusion, the
panels were cured on a heated aluminum plate at 50 °C for 24 h, then post-cured at 70 °C
for 4 h. These temperatures are within the manufacturer’s suggested operational temper-
ature [29]. Neat resin coupons were cast into a silicone mold using the same cure cycle
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applied to the FRC coupons. Figure 1 shows representative images of the samples/coupons
after manufacturing: (a) neat resin dog bone, (b) in-plane shear, (c) swelling coefficient
plate, and (d) swelling coupon. In this and all subsequent figures, the 1-direction rep-
resents the fiber direction, the 2-direction is the in-plane direction normal toward the
fibers, and the 3-direction is the composite through-thickness direction. Additional neat
resin dog bone samples were manufactured and subsequently machined into nominal
30 mm × 20 mm × 7 mm parallelepipeds for swelling tests. To obtain the swelling FRC
coupons, the composite plate was cut along the 2-direction shown in Figure 1c to nominal
dimensions of 6 mm × 130 mm × 15 mm in the first, second, and 3-directions, respectively.
Since FRC coupons were cut against the fiber direction, a thin coating of the 135/1366 epoxy
was applied to the cut surface to fill in any microcracks that developed. The epoxy coating
was then cured at 50 °C for 24 h. The coating was applied to mitigate the effects of moisture
absorption due to machining defects.

1
2

3

3

1 2

1

2

3

(a) (b)

(d)
(c)

Figure 1. Materials manufactured in this study to characterize mechanical properties: (a) neat resin
coupon, (b) in-plane shear coupon, (c) swelling panel, and (d) notched swelling coupon.

FRC swelling coupons were designed such that the smallest dimension was aligned
with the fibers (i.e., 1-direction shown in Figure 1d) to target volume change measurements
transverse to the fibers. As a result, hygroscopic expansion coefficients were only measured
in the 2- and 3-directions. Prior to water submersion, swelling coupons were imaged using
a Keyence (Itasca, IL, USA) VL-500 to determine initial sample dimensions. Dimensions
were determined by virtually drawing two opposing planes that best aligned with the
imaged surface, which provided an average of the length in that corresponding direction.
The results from mechanical testing are shown in Table 1.

Table 1. Composite and resin properties determined from experiments.

Composite Property Unit Min. Max. Avg. Std. Dev. # Samples

Young’s modulus E1 GPa 36.50 39.65 38.56 1.00 11
Young’s modulus E2 GPa 12.99 15.08 14.15 0.60 11
Shear modulus G GPa 4.04 4.48 4.36 0.16 5
Poisson’s ratio ν12 — 0.23 0.31 0.28 0.04 4
Swelling coefficient β2 — 0.016 0.027 0.021 0.004 8
Swelling coefficient β3 — 0.17 0.36 0.27 0.086 4
Diffusion coefficient D a mm2/s 2.39 × 10−7 2.68 × 10−7 2.51 × 10−7 0.13 × 10−7 4
Diffusion coefficient D b mm2/s 2.45 × 10−7 2.75 × 10−7 2.59 × 10−7 0.13 × 10−7 4

Resin Property Unit Min. Max. Avg. Std. Dev. # Samples

Young’s modulus E GPa 2.41 2.88 2.53 0.16 10
Poisson’s ratio ν — 0.36 0.40 0.38 0.03 2
Diffusion coefficient D a mm2/s 7.49 × 10−7 9.58 × 10−7 8.41 × 10−7 0.70 × 10−7 9
Diffusion coefficient D b mm2/s 8.01 × 10−7 9.62 × 10−7 8.58 × 10−7 0.53 × 10−7 9
Density ρ g/cm3 1.13 1.14 1.15 0.004 9
Maximum Moisture uptake M∞ % 3.22 3.28 3.25 0.02 9

a: linear slope method. b: least squares approach.
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2.2. Image Acquisition and Segmentation

Imaging of the FRC coupons was performed using X-ray CT to resolve the 3D architec-
ture of the coupons after manufacturing. X-ray CT was performed using an XRay WorX®

(Garbsen, Germany) 225 kV microfocus Xray Tubehead, where a total of 2161 projections
were collected over 180 degrees of rotation using a zoom factor of 4×, with an approximate
exposure time of 1.17 s per projection. The X-ray source voltage and current were set to
220 kV and 150 µA, respectively. Reconstruction of attenuated imaged data using Volume
Graphics® (Huntersville, NC, USA) resulted in 16-bit grayscale images with an image
spatial resolution of 31.54 µm per voxel. Figure 2 shows representative reconstructed X-ray
CT image slices obtained for two orientations: in-plane with the direction of the warp tows
and the through-the-thickness direction. Based on the image results, very few voids were
observed as a result of manufacturing.

X Y

Z

Z X

Y

warp weft resinvoids

2.93mm

25.14mm

25.14mm

52.32mm

Figure 2. Representative reconstructed X-ray CT image slices from two orientations (warp direction
and through-the-thickness) and the corresponding image segmentation results.

Segmentation was performed using a multi-step process to identify tows in the warp
(primary) fiber direction, weft (secondary), resin, and voids. The first step includes semantic
segmentation using the software Dragonfly 2022.2 by Comet [30] to identify tows in both
directions and the surrounding resin. Within Dragonfly’s user interface, 10 unique frames
of varying size (i.e., a single image slice or subset of a slice) were manually segmented.
These frames were used as inputs into a deep learning-based segmentation model that
leverages a 3-layer Sensor3D architecture [31] with an initial filter count of 64. Sensor3D is
a robust U-Net-like hybrid architecture that is available within Dragonfly. Training was
performed using a patch size of 80 with a stride ratio of 0.25, with a total of 100 epochs
to allow for sufficient iterations to reduce the error. The loss function and optimization
algorithm selected for segmentation were categorical cross-entropy and Adadelta [32],
respectively. To increase the amount of training data, 10 data augmentation iterations were
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applied to the set of manually segmented frames, which includes horizontal/vertical flips,
rotation, and shear between 0 and 10 degrees, scaling between 90–110% of the frame size,
and image brightness between 0.9 and 1.1. Rotations and shear were limited to a small
range such that warp/weft tows could be segmented separately. Figure 3 shows a snapshot
of the loss function and validation of the loss function for unseen data converging within
100 epochs, and a visualization of the training progress classifying warp/weft tows and
the resin after six frames were labeled. Areas of voxel misclassification can be seen from
the visualization, particularly for warp-aligned voxels near the bottom edge of the sample,
which suggests additional frames are needed to improve segmentation accuracy. For the
10 uniquely labeled frames used to achieve the segmentation results shown in Figure 2,
approximately 1.1 million voxels were labeled before data augmentation, or approximately
0.85% of the total number of voxels in the image dataset.

warp
weft
resin

Figure 3. Convergence of the loss function within 100 epochs (left) and the corresponding visualiza-
tion of the training progress for the deep learning model when classifying warp tows, weft tows, and
the resin (right).

The second step includes gray-scale thresholding to segment voids from the surround-
ing material. This step was performed separately, given the higher image contrast between
voids and the surrounding material, and to prevent false negative identification of voids
when included within the previous step. The segmentation results can be seen side-by-
side with the X-ray CT images shown in Figure 2, where black, dark gray, light gray, and
white colors correspond to warp tows, weft tows, resin, and voids, respectively. Note that
the dashed box shown in Figure 2 is the sub-volume region of interest for image-based
simulations presented later in Section 3.2. This location was selected to include multiple
tows in each direction while also including voids that were present from manufacturing.
Qualitatively, Figure 2 illustrates that the segmentation steps presented above performed
well at identifying the features of interest. However, it can be seen that many resin-rich
regions appear under-segmented compared to the other features. To explore the uncertainty
associated with image segmentation, the EQUIPS workflow outlined in [33] was used to
generate three sets of segmented image data from the resulting multi-class probability
maps generated from Dragonfly: the nominal case (e.g., images shown in Figure 2), the
5-percentile segmentation of the resin that results in a higher resin volume fraction com-
pared to nominal, and the 95-percentile segmentation of the resin that results in a lower
resin volume fraction. These three datasets were used in the following steps to generate
finite element meshes.

3. Methods
In this section, the modeling workflow for idealized geometry is presented first, which

includes mesh generation steps, the simulation setup, and quantities of interest to be
calculated from the model results. Then, the image-based modeling workflow is pre-
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sented, which includes mesh generation steps, the simulation setup, and output quantities
of interest.

3.1. Idealized Mesoscale Modeling Approach

The first type of computational model utilized in this work represents the mesoscale
structure and geometry of a stitched fiber composite in an idealized manner, as shown in
Figure 4, to mimic the fabric used in Section 2.1. The idealized mesoscale model consists
of multiple tows aligned in both the warp and weft directions, where individual tows are
constructed as standard tessellation language (STL) files using straight prism extrusions
with rounded rectangular cross-sections. Thick, densely packed warp tows are placed to
run in the X-direction in layers stacked in the Z-direction. Thinner, more sparse weft tows
were placed to run in the Y-direction, perpendicular to the warp tows between each layer.

Once the set of STL files for each tow was constructed, an unstructured, linear, tetrahe-
dral finite element mesh was generated using the conformal decomposition finite element
method (CDFEM) [34,35]. First, a signed level-set distance function was calculated for
each STL surface. Then, a uniform background grid was decomposed such that new nodes
and child elements were generated along the interface to conform to the level-set surface.
The result was a mesh with separate volumes for each tow with a conformal volume
surrounding the tows that corresponds to the matrix.

The matrix region of the model surrounding the fiber tow volumes was considered
to be homogeneous, fully isotropic epoxy resin with no voids, gaps, or defects, and with
perfect bonding at the fiber tow interfaces. Elastic and diffusive material properties were
assigned as input parameters to the model. The fiber tows were considered to be homoge-
neous and transversely isotropic, composed of individual elastic glass fibers surrounded by
epoxy resin, where effective properties were calculated following Chamis [36], as described
in Table 2. In Table 2, k f is the fiber volume fraction in the tows. Properties of the resin
matrix are denoted with a subscript m, while properties of the fiber are denoted with a
subscript f . In this study, both the warp and weft tows were considered to have glass fibers,
with the same fiber volume fraction in any given simulation. The effective properties for
the tows were pre-computed from the inputs described later in Table 3, and assigned to the
tow sections of the model.

Figure 4. Generation of a mesoscale model with idealized geometry.
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Table 2. Analytical relationships for effective homogenized properties of fiber tows from reference [36].

Property Analytical Formula

Axial diffusivity Dt1 = (1 − k f )Dm

Transverse diffusivity Dt2 = Dt3 = (1 −
√

k f )Dm

Longitudinal modulus Et1 = k f E f 1 + (1 − k f )Em

Transverse modulus Et2 = Et3 = Em
1−

√
k f (1− Em

E f 2
)

Shear modulus Gt12 = Gt13 = Gm
1−

√
k f (1− Gm

G f 12
)

Shear modulus Gt23 = Gm
1−

√
k f (1− Gm

G f 23
)

Poisson’s ratio νt12 = ν13 = k f ν f 12 + kmνm

Poisson’s ratio νt23 = Et2
2Gt23

− 1

Longitudinal exp. coef. βt1 = βm(1 − k f )
Em
Et1

Transverse exp. coef. βt2 = βt3 = βm(1 −
√

k f )

[
1 +

√
k f (1−

√
k f )Em√

k f Et2+(1−
√

k f )Em

]

The prediction of bulk Young’s moduli, shear moduli, Poisson’s ratios, and hygro-
scopic swelling coefficients for the idealized geometry began by calculating the Cauchy
stress (σ) that satisfies the conservation of solid momentum equation for static, linear
elasticity given by

∇ · σ = 0, (2)

where Cauchy stress is related to strain (ε) by the fourth-order elastic compliance tensor (S)
through the constitutive relation ε = Sσ and infinitesimal strain theory. To determine bulk
engineering constants from the compliance tensor, the Hill–Mandel macro-homogeneity
condition [37] is leveraged to determine the volume-averaged stresses (σ̄) and strains (ε̄)
from six simulations with unique loading conditions: applied displacement for three normal
(X, Y, and Z) and three shear (YZ, XZ, and XY) loading configurations for a 3D geometry.
Periodic boundary conditions were applied for each loading configuration, enabling the
simulation of the effective behavior of a material system as if it were embedded in an
infinite, repeating expanse, while modeling a relatively small domain.

A seventh simulation is needed to determine the hygroscopic swelling coefficients. A
uniform molar concentration (C) gradient is applied across the simulation domain with
zero applied displacement. Based on the effective compliance tensor determined previously
and the volume-averaged stress and strain resulting from the applied concentration change,
the swelling coefficients could be deduced by solving for β in the constitutive relation
ε̄ = S σ̄ + β∆C.

In addition to mechanical properties, mass diffusion was modeled with the steady
state conservation of chemical species equation, given as

∇ · J = 0, (3)
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where J is the molar flux. Fick’s law of diffusion is used to approximate the molar flux
defined as J = −D∇C, where D is the diffusion coefficient. The effective diffusion
coefficient in the X-direction was determined by leveraging Fick’s law, known dimensions
of the geometry, applied concentration gradient, and flux as

Dx =
Lx

∆C
Jx, (4)

where Jx was determined across the low-concentration boundary (Ω0) with an outward
normal vector (n̂) using

Jx = −
∫

Ω0 D∇C · n̂dA∫
Ω0 dA

. (5)

Effective diffusion coefficients in the Y- and Z-directions were determined by repeating
the above calculations with the appropriate changes in geometry. Finite element analysis
for mechanical and diffusive properties was performed using Sierra/Aria [38]. Simulations
utilized the generalized minimal residual (GMRES) method for the linear solution strategy
with domain-decomposition incomplete LU factorization (DD-ILU) preconditioning, with
the Newton method used for the nonlinear solution strategy.

Idealized models, such as these, have the advantage of computational savings, as
they typically have notably fewer degrees of freedom compared to high-resolution models
that capture features such as manufacturing defects and voids. The main role of the
idealized models in this study is to cost-effectively run large sets of simulations with
varying input parameters to perform sensitivity studies of the overall composite behavior
with respect to these input parameters. The results are used to inform the high-resolution,
or “as-manufactured” models in the next stage.

The parametric sensitivity studies were performed using Dakota [39]. The overall
approach was to generate a large set of idealized models, where Latin hypercube sampling
(LHS) was used to explore the set of model input parameters shown in Table 3. Elastic and
diffusion simulations were performed on each input state, and the results were compiled
to perform global variance-based sensitivity analysis and determine the influence of the
model inputs on the output quantities of interest. In this study, the first-order Sobol’s
sensitivity index [40,41] was used to quantify the relative influence among input variables,
given by

Si =
Vi

V(y)
=

Vxi [E(y|xi)]

V(y)
, (6)

where Si measures the effect of varying xi on the output quantity of interest y as a fraction
the total variance V(y).

The nominal, lower bound, and upper bound values for each input parameter were
informed by inspection of X-ray CT scans of actual composites, such as those shown in Figure 2,
experimentally measured results for material properties, and the pre-existing literature.

Table 3. Input parameters of idealized models used as variables in the sensitivity analysis.

Variable Unit Nominal Lower Upper Reference

Warp tow width wwp cm 0.35 0.30 0.40 XCT
Warp tow height hwp cm 0.06 0.05 0.07 XCT
Weft tow width ww f cm 0.35 0.30 0.40 XCT
Weft tow height hw f cm 0.012 0.01 0.02 XCT
Warp tow gap gwp cm 0.03 0.0 0.04 XCT
Weft tow gap gw f cm 0.30 0.0 0.80 XCT
Tow fiber volume fraction – 0.575 0.55 0.70 Exp., XCT
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Table 3. Cont.

Variable Unit Nominal Lower Upper Reference

Matrix diffusivity mm2/s 8.5 × 10−7 7.0 × 10−7 9.65 × 10−7 Exp., [42]
Matrix modulus GPa 2.50 2.10 3.60 Exp., [43]
Matrix Poisson’s ratio – 0.347 0.30 0.45 Exp., [43]
Matrix exp. coef. – 0.30 0.1761 0.33 Exp., [44]
Fiber modulus GPa 73.0 65.0 85.0 [45,46]
Fiber Poisson’s ratio – 0.22 0.10 0.30 [45,46]

3.2. Image-Based Mesoscale Modeling Approach

From the image segmentation results shown in Figure 2, finite element meshes were
generated using similar steps to those presented above and in [17,18]. First, images were
cropped so the sub-volume of dimensions 11.36 mm × 24.3 mm × 2.93 mm shown in
Figure 2, which was followed by the removal of small isolated regions of voxels (islands)
containing a volume of 1000 voxels or less and applying a Gaussian blur to smooth the
segmented images. Both steps were used to aid with solution convergence. A smaller
region of interest was selected to generate a volume with sufficient mesh density while
also maintaining tractability. Then, STL files were generated for each material using the
marching cubes algorithm within Scikit-Image 0.22.0 [47]. The set of STL files was used
as inputs to generate a tetrahedral finite element mesh using the CDFEM, as was carried
out for the idealized geometry. The result of these steps is shown in Figure 5, where each
material region is shown: voids (pink), weft-aligned tows (green), and surrounding resin
(blue), which are combined with warp-aligned tows (red). The above steps were repeated
for the 5th-percentile and 95th-percentile segmentation of the resin. The resulting finite
element meshes each contained approximately 41 million linear tetrahedral elements.

voids weft

resin combined

53,183,120 253,231,36 48,103,141 68,1,84

Figure 5. Finite element mesh generated showing the material regions of interest: voids, weft tows,
resin, and combined with warp tows.

Combined moisture absorption and hygroscopic swelling within a finite element
model were included by leveraging the conservation of chemical species Equation (3) to
resolve absorption and conservation of solid momentum Equation (2) to resolve stresses,
strains, and displacements. The transient conservation of chemical species equation for a
single species is given as

∂C
∂t

+ v · ∇C = −∇ · J, (7)

where t is the time, and v is the velocity. Again, Fick’s law of diffusion was used to approx-
imate the molar flux. Here, the concentration was normalized by the saturated moisture
concentration (csat) to ensure continuity across the interface between dissimilar materials
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using the approach presented in references [7,48]. For the image-based simulations, the lin-
ear elastic constitutive relation between stress and strain was defined as ε = Sσ + βcsatCI,
where ε is the strain based on infinitesimal strain theory, S is the elastic compliance tensor,
β is the hygroscopic expansion coefficient, and I is the identity tensor. Note, csat was
included in the constitutive relation to account for the normalized concentration described
above and within reference [49].

The input material properties for the image-based simulations were based on compar-
isons among experimental data and mesoscale modeling predictions using the analytical
geometry. From the set of input constituents and geometric properties, as well as the ef-
fective quantities of interest, the input parameters that resulted in the best agreement with
experimental data were then leveraged within the image-based simulations. The calculation
of the best agreement was performed using the L1 norm between the experimental and
predicted values. Next, comparisons between mechanical properties and hygroscopic ex-
pansion were made separately due to modeling disagreements discussed later in Section 4.1.
Voids were included in the domain and were assigned a diffusivity of 0.26 cm2/s based
on the diffusivity of water vapor into air [50] and reduced mechanical properties relative
to fibers and resin: E = 100 Pa and ν = 0.001 (compressible). Lastly, the percent moisture
uptake of the composite was determined based on the normalized concentration of each
material region, the corresponding volume, and the maximum percent mass uptake of the
resin determined experimentally. For the tow regions, the maximum percent mass uptake
was determined using the available free volume approach presented in references [51,52]
and knowledge of the matrix and fiber density and the fiber volume fraction in the tows.
The resin density was determined experimentally to be about 1.14 g/cm3 on average across
nine samples, and the fiber density was taken as 2.5 g/cm3 for typical E-glass fibers [53].

The boundary conditions used include removal of rigid body motion for the solid
momentum equation through Dirichlet boundary conditions on displacement for three
separate nodes. For the conservation of chemical species, a normalized concentration of
1 through Dirichlet boundary conditions was enforced on the top and bottom surfaces
(Z+ and Z− surfaces, respectively, as shown in Figure 5). Only the top/bottom surfaces
exhibited the specified concentration to represent a sub-volume within the composite
domain, while the remaining sides exhibited no-flux boundary conditions. Simulations
were performed until complete saturation was achieved.

Image-based simulations were performed within Sierra/Aria [38], where the govern-
ing equations were solved in a segregated manner to assist with solution convergence, as
opposed to a fully coupled monolithic equation system. The solid momentum equation
was solved first, then the conservation of chemical species for each time step. Simulations
utilized the GMRES method for the linear solution strategy with DD-ILU preconditioning,
with the Newton and line search methods used for the nonlinear solution strategy for the
conservation of chemical species and momentum equations, respectively. Two nonlinear
solution strategies were used to aid with solution convergence.

4. Results and Discussion
Results from the LHS study using the idealized geometry are presented first, which

are followed by results from the simulations using image-based geometry.

4.1. Idealized Model Results and Sensitivity Analysis

From the results of the parametric study using LHS sampling with the idealized
geometry, basic statistical behavior could be deduced. As a confirmation of the appropriate
representative sample size for the range of input parameters defined in Table 3, the mean
values of output quantities of interest were examined as a function of increasing sample size.
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Most output quantities converged to a stable mean within a few hundred samples. Shear
modulus, however, reached convergence after about 700 samples, as plotted in Figure 6.
For the main sample sweep in sensitivity analysis, a total size of 1200 samples was used,
both to ensure representative statistical behavior and to allow a margin for the occasional
simulation failure.

Figure 6. Convergence of the mean value of the modeled shear modulus with an increasing
sample size.

The mean and standard deviation of all output quantities of interest from the
1200-sample simulation are shown in Table 4. Where applicable, the corresponding experi-
mentally measured values are included for comparison. Note that experimental values in
Table 4 for longitudinal diffusivity correspond to values obtained from both the linear and
least squares approaches shown in Table 1. The unit-scaled normal probability distributions
of selected output quantities with experimentally measured means and standard deviations
are overlaid with histograms of corresponding modeled results in Figure 7. There are
varying levels of agreement between ideal modeled and experimentally measured values,
with the most notable discrepancies in the hygroscopic expansion coefficients. For these
properties, the precision in the method of measurement is limited, and factors such as crack-
ing and imperfect interface bonding between fiber and matrix likely play a considerable
role. Future efforts can focus on developing a standard (e.g., ASTM) to properly measure
these material properties while mitigating damage formation and enhancing measurement
precision. Figure 8 shows an image of a composite sample which has formed cracks due to
moisture uptake. This cracking is unaccounted for in idealized models and could explain
the nonlinear behavior leading to discrepancies between measured and modeled results.
For diffusivity, however, there was good agreement between experimental values and the
modeling predictions. This is due to diffusivity being primarily governed by the diffusivity
of the matrix. As a result, the cracks observed within the tow regions shown in Figure 8
likely exhibit little influence on the effective diffusivity of the composite.

Table 4. Statistical results of output quantities of interest from Dakota simulations.

QOI Unit Model Avg. Model Std. Dev. Exp. Avg. Exp. Std. Dev.

Volume fraction Vf – 0.545 0.0447 0.513 0.018
Longitudinal diffusivity D11 mm2/s 4.92 × 10−7 3.68 × 10−7 2.55 × 10−7 1.07 × 10−8

Transverse diffusivity D22 mm2/s 2.78 × 10−7 1.84 × 10−7 – –
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Table 4. Cont.

QOI Unit Model Avg. Model Std. Dev. Exp. Avg. Exp. Std. Dev.

Out of plane diffusivity D33 mm2/s 2.14 × 10−7 3.44 × 10−8 – –
Longitudinal modulus E11 GPa 39.4 4.14 38.56 0.954
Transverse modulus E22 GPa 13.4 2.33 14.15 0.573
Out of plane modulus E33 GPa 10.6 1.85 – –
Poisson’s ratio ν12 – 0.216 0.0370 0.275 0.032
Poisson’s ratio ν13 – 0.304 0.0424 – –
Poisson’s ratio ν23 – 0.363 0.0501 – –
Shear modulus G12 GPa 3.65 0.676 4.36 0.163
Shear modulus G13 GPa 3.53 0.664 – –
Shear modulus G23 GPa 3.33 0.625 – –
Longitudinal exp. coef. β11 – 0.0111 0.00313 – –
Transverse exp. coef. β22 – 0.0624 0.0166 0.021 0.004
Out of plane exp. coef. β33 – 0.0961 0.0228 0.270 0.075

Figure 7. Modeled and experimental distribution of (a) longitudinal modulus, (b) diffusivity, (c) trans-
verse expansion coefficient, and (d) out-of-plane expansion coefficient.

15 mm

Nominal Composite Cross-section

3

2

Figure 8. Optical image showing the resulting composite structure and cracks that have formed as a
function of moisture uptake. Red regions indicate horizontal cracks that have formed.
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For most properties, the variance of the modeled results significantly exceeds that
of the experimental data, with out-of-plane expansion coefficient as the only exception.
This should not be surprising, since the parametric model sweep covers a whole range of
possible input states, while the experimental data represent a small set of measurements
from identically fabricated samples. It is noteworthy that while most properties display a
visibly Gaussian probability distribution, the diffusivity histogram appears to take a more
Weibull-like distribution. Further investigation into the reasons for this and what other
properties it may apply to could be valuable for future predictive applications.

A mapping of Sobol’s sensitivity indexes between input parameters and output quan-
tities of interest is shown in Figure 9. Many strong correlations seen are intuitive, such
as the influence of the effective modulus of the warp tows on longitudinal modulus, or
that of fiber packing on total fiber volume fraction. The cross-sectional dimensions of the
tows have very little effect on the output quantities of interest. Only the gap between tows
exhibits a larger influence on effective diffusion coefficients, as expected. Tow measure-
ments that have low influence on output quantities may be overshadowed by large ranges
of the material properties. If these material property ranges were further narrowed, tow
dimensions may show greater sensitivity. These results can be leveraged to direct future
studies with greater focus on a reduction in material property ranges to reduce prediction
uncertainty. Furthermore, these results can be leveraged by manufacturers to target a spe-
cific effective property for optimization. For example, if a reduction in effective diffusivity
is desired, these results suggest modifying the manufacturing process to minimize the gap
among tows first, compared to reducing resin diffusivity.

Figure 9. Sobol’s index sensitivity map between idealized model input parameters and output
quantities of interest.
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4.2. Image-Based Modeling Results

Figure 10 shows the resulting distribution of von Mises stresses (left) and normalized
concentration (right) at

√
t ≈ 855 (approximately 8.5 days). Cross-sections of the void phase

are outlined in white, while the resin phase is outlined in black. From these images, two key
items are shown to assess the influence of material properties on stress concentrations
and moisture absorption. First, it can be seen that stress concentrations accumulate at the
tow/resin interface and at the void interface. This accumulation of stress is expected, given
the difference in material properties. As a result, these areas of high stress likely indicate
where material failure could initiate. Future work can, for example, explore/predict failure
in these regions by leveraging cohesive zone models or the eXtended finite element method
implemented in the commercially available software Abaqus®.

Second, stress accumulation also occurs in regions of higher normalized concentration
corresponding to the resin. This is a direct result of the hygroscopic expansion being
higher for the resin compared to the tows, which ultimately leads to decreased durability
of the composite due to degradation of the fiber/matrix interface [54]. Furthermore,
we can observe the higher normalized concentration near the voids. Because of their
assumed higher diffusivity (orders of magnitude greater), the voids act as preferential
pathways for moisture absorption. The influence of voids in the simulation as a whole,
however, is minimal due to the void volume fraction being approximately 0.03%. For
composites containing greater porosity, the influence of voids is expected to be greater. In
this case, careful consideration of void size, shape, and connectivity must be determined
to understand how effective matrix diffusivity increases or decreases with voids acting as
preferential pathways or as barriers to moisture diffusion, respectively [55,56].

These defects captured through imaging and directly represented within the simula-
tion enable a better understanding of the extent to which these features influence stress
and absorption over time, a phenomenon not accounted for in the idealized geometry.
While simulations using idealized geometry are invaluable for parameterizing the de-
sign space, image-based simulations are essential to understand the effects of defects and
composite heterogeneity.

Figure 10. Imaged-based simulation results for the von Mises stress (left) and normalized concen-
tration (right) at time

√
t ≈ 855. The highlighted region shows the outline of voids (white) and

resin (black).
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Beyond visualizing simulation results, additional quantities of interest can be de-
termined from the image-based simulations. Figure 11 shows four quantities of interest
extracted from the image-based simulations as described in Section 2.2: percent moisture
uptake, volume-averaged von Mises stress, percent volume change for each region, and
normalized concentration for the individual material regions and total. In each figure,
the solid line corresponds to the simulations with the nominal mesh, while the shaded
regions represent results bounded by solutions using the 5th-percentile and 95th-percentile
segmentation of the resin.

First, in Figure 11a, we observe that simulation results agree well with experimental
data, where the dashed experimental blue line corresponds to the mean across four samples
and the shaded region for uncertainty corresponds to ±2 standard deviations away from
the mean. A slight under-prediction of percent moisture uptake occurs at early times with
better agreement near full saturation. The under-prediction of percent moisture uptake
likely stems from the under-segmentation of the resin. With increased resin volume from
the 5th-percentile segmentation result (upper bound), there is better agreement with the
experimental data. However, despite probing the probability maps of the resin region,
errors in segmentation may still persist. This result demonstrates the critical need for
high-resolution and high-contrast images from X-ray CT to make accurate segmentation
of the material regions. Re-imaging the samples for a reduced region of interest with
improved contrast and signal-to-noise ratio will help confirm the accuracy of the image
segmentation results. Near full saturation at time

√
t ≈ 3000, a slight over-prediction of

percent moisture uptake occurs. This may stem from the sample variability/uncertainty
of the maximum percent mass uptake of the resin samples. Future work can explore the
parametric uncertainty of mass uptake combined with segmentation uncertainty to quantify
their joint effects on model prediction.

In general, these results demonstrate that the image-based simulation workflow pre-
sented is representative of the glass/epoxy composites of interest and can be used to make
predictions of mass uptake. There is uncertainty as well in the composite experimental data,
particularly at the final time, where the spread increases and moisture uptake exhibits a sec-
ondary increase (above

√
t = 3500 or about 140 days). These results are likely influenced by

the accumulation of damage exhibited in the composite at a later time, as shown in Figure 8
and discussed previously in Section 4.1, as opposed to non-Fickian diffusion behavior.

Second, Figure 11b,c shows the change in normalized concentration and percent vol-
ume change for each of the material regions of interest. In general, the shape of these curves
closely follows that of moisture uptake, as expected. These images also show the differences
for each material region. For example, concentration within voids does not increase until
a later time due to the voids only being present away from the free surface. As moisture
reaches the voids, however, their concentration increases at a faster rate. Furthermore,
volume change within the material regions exhibits a non-linear relationship with time,
where peak changes in volume closely correspond with large changes in concentration
near the beginning of the simulation, as moisture is first introduced and at about

√
t = 2250,

where a majority of the composite is fully saturated. Each material region increases in
volume with increasing time, except for the compressible voids. These regions are com-
pletely surrounded by the tows and matrix, which increase in volume due to hygroscopic
expansion and subsequently begin to collapse the voids. For the lower bound, the final void
volume is below the initial, which results in a negative volume percent change. Overall, the
volume change due to hygroscopic expansion was relatively low for the entire composite
domain, less than 0.5% in total.

Third, the volume average von Mises stress shown in Figure 11d closely matches the
observed trends for volume change in Figure 11c with a non-linear change in stress with
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increasing time, and two large changes in slope near the beginning of the simulation and at
about

√
t = 2250. Additionally, as resin volume increases compared to the nominal case (e.g.,

upper bound from the 5th-percentile segmentation result), the average von Mises stress
increases as expected due to the increased volume fraction and increased resin hygroscopic
expansion compared to the tows. The volume-averaged von Mises stress overall is less
compared to the concentrations observed in Figure 10 due to lower stress distribution
away from the material interfaces. Nonetheless, these simulation results highlight the
relationship between moisture uptake, deformation, and stress distributions, which can
provide insight into estimating the residual stresses experienced by these composites when
deployed in marine energy environments.

(a) (b)

(d)(c)

Figure 11. Image-based simulation results for (a) moisture uptake, (b) normalized concentration,
(c) volume change, and (d) volume-averaged von Mises stress as a function of the square root of
time (

√
t). In each image, solid lines correspond to the image-based simulation using the nominal

segmentation results, while the shaded regions correspond to the upper- and lower-bound simula-
tion results using the 5th-percentile and 95th-percentile segmentation of the resin probability map.
In (a) only, the dashed blue line corresponds to the experimental mean with the shaded region
representing ±2 standard deviations away from the mean.

5. Conclusions
This study aims to advance the understanding of model input material and geometric

parameters on performance of marine energy-based fiber-reinforced composites (FRCs) at
the mesoscale. The mesoscale model consists of two geometries: an idealized geometry
where individual tows exhibit no mesoscale flaws or defects, and an image-based geometry
where defects such as voids and nonuniform tow shape or cross-section, as captured by
X-ray computed tomography (CT), are explicitly represented. The idealized geometry was
leveraged to quickly assess a range of material and geometric parameters collected from
open literature and experimental testing to perform a parametric study and subsequently
assess the influence of individual model input parameters on bulk/effective moduli, Pois-
son’s ratios, hygroscopic expansion coefficients, and diffusivity. The image-based geometry
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was leveraged to visualize and quantify the influence of an as-manufactured geometry on
moisture uptake, volume change, and stress concentrations/distributions, whose input
parameters were based on results from the idealized geometry. These quantities of interest
were selected as key parameters for determining the long-term performance of FRCs within
marine energy environments. The results from this study can ultimately be leveraged
to quickly evaluate how key constituent properties affect the overall composite material
properties. This insight is crucial for materials optimization when developing more durable
components and for analyzing the potential cost-performance relationship when selecting
materials prior to manufacturing. Furthermore, the workflow implemented is flexible to
be applied to additional FRCs of interest within marine energy environments (e.g., carbon
fiber or hybrid glass/carbon fiber composites). Lastly, the workflow implemented serves as
a foundational analysis of linear elastic properties, from which future efforts can leverage
the results presented to further investigate more complex phenomena such as damage
modeling, cyclic fatigue, or saltwater degradation, for example.

The key findings from this work include the following:

• The idealized geometry constructed in this work can easily be generated, which en-
ables many hundreds of simulations to be executed and used to perform a parametric
sensitivity analysis on model input parameters.

• Based on the distribution of experimental data of effective properties, it was shown
that the predicted values for moduli, Poisson’s ratios, and diffusion coefficients agreed
well when utilizing the idealized geometry. Predicted hygroscopic swelling coef-
ficients, however, exhibited greater disagreement. This disagreement likely stems
from moisture absorption-induced damage, where cracks were observed after full
saturation. Accounting for these damage features is the subject of future efforts.

• Construction of the image-based geometry by leveraging deep learning based image
segmentation is robust at identifying the key features of interest. Predicted moisture
uptake from the image-based geometry showed good agreement with experimental
data, but slightly under-predicted moisture uptake at early times.

• Image segmentation uncertainty was explored by probing the 5- and 95-percentile
probability map segmentation of the resin. Increased resin volume fraction generated
from the 5th-percentile showed improved results compared to the nominal case.
Moisture uptake, however, was still under-predicted at early times. One area of
future improvement identified stems from acquiring additional X-ray CT images
with enhanced resolution and contrast to validate the image segmentation accuracy.
These results demonstrate the need for high-quality image data when performing
image-based simulations.

• Image-based simulation results further highlighted regions of stress concentration
on fiber/resin interfaces as expected, which also correlated well with regions of high
resin concentration. These results stem from the high hygroscopic swelling of the resin
relative to the tows. These results ultimately inform areas/regions where failure is
likely to initiate.
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