Mechanics of Materials 218 (2026) 105689

Contents lists available at ScienceDirect

MECHANICS
IMATERIALS

Mechanics of Materials

journal homepage: www.elsevier.com/locate/mecmat

Research paper

Check for
updates

Neural network-assisted sensitivity analysis applied to finite-element
simulations of plant-fiber microdroplet tests

Valentin Senk"” *, Markus Konigsberger'”, Sebastian Pech"”, Josef Fiissl

Institute of Mechanics of Materials and Structures, Vienna University of Technology, Karlsplatz 13/202, 1040, Vienna, Austria

ARTICLE INFO ABSTRACT

Keywords:

Microbond simulations
Finite element analysis (FEA)
Interfacial characterization
Surrogate modeling
Sensitivity analysis

Microdroplet tests are widely used for interface characterization in fiber-reinforced composites. However, their
interpretation remains challenging due to complex, non-uniform stress states and the interplay of multiple
geometric and mechanical factors. These challenges are further amplified in biocomposites, where natural
fibers introduce additional variability in shape, orientation, and adhesion quality. This study presents a
surrogate-based methodology to systematically quantify these sensitivities. A fully parameterized finite element
model captures the geometric and interfacial complexities of natural fiber microdroplet tests. To efficiently
explore parameter dependencies, a surrogate model based on artificial neural networks (ANNSs) is trained on
a comprehensive dataset of finite element simulations. Sensitivity analyses reveal strong effects of geometrical
variability and mixed-mode behavior, questioning the validity of the commonly used scalar strength metric—
interfacial shear strength (IFSS). By leveraging first- and second-order sensitivity analyses, we demonstrate
how non-linear parameter interactions shape the macroscopic stress—displacement curves. These findings open
up the possibility of using the surrogate model for inverse identification of interfacial parameters for use
in composite-scale models, reducing reliance on repeated finite element simulations that often accompany

interface characterization experiments.

1. Introduction

The characterization of fiber-matrix interfaces is critical for predict-
ing and optimizing the performance of fiber-reinforced composites, as
the interface governs load transfer, failure mechanisms, and long-term
durability (Huang et al., 2021; Senk et al., 2025). Microdroplet tests,
also known as microbond tests (Miller et al., 1987), are the most widely
used technique for characterizing the interface quantitatively. In these
tests, one or several resin droplets are deposited onto a single fiber,
cured, and thereafter sheared off using parallel blades, with the load—
displacement data recorded. Traditionally, these tests are evaluated by
dividing the maximum force by the embedded area (the contact area
between fiber and droplet), providing access to the interfacial shear
strength (IFSS) (Miller et al., 1987; Wagner et al., 1993; Craven et al.,
2000).

Since stress states within the droplet and at the fiber-matrix inter-
face are highly non-uniform (Herrera-Franco and Drzal, 1992; Herrera-
Franco et al., 1992; Bannister et al., 1995; Pisanova et al., 2001; Ash
et al., 2003) and characterized by a combination of shear and normal
stresses at the interface (mixed-mode loading) (Minnicino and Santare,
2012), the IFSS is often a rigorous oversimplification. Rather, the
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interface stresses are influenced by the droplet’s geometry, the menis-
cus formation, and the blade position (also referred to as microvise
opening) (Chou et al., 1994; Pisanova et al., 2001; Ash et al., 2003;
Kang et al., 2009). Additionally, the scatter of test results is gener-
ally high (Laurikainen et al., 2020), further complicating the reliable
interpretation of interfacial properties. These challenges are further
amplified when testing biocomposites, where natural fibers introduce
additional complexity, such as anisotropy, non-circular and variable
cross-sections, internal voids (lumen), and significant geometric vari-
ability (Baley et al., 2020). As biocomposites gain increasing attention
for their environmental benefits, addressing these nuances is essential
for ensuring a reliable characterization of interfacial properties.
Although the IFSS provides a convenient metric for characterizing
interfacial adhesion, a single scalar strength measure cannot char-
acterize the interfacial failure mechanisms sufficiently. Models that
accurately predict the structural performance of composites (Ahmadian
et al., 2019; Shu and Stanciulescu, 2023; Senk et al., 2025) typically
adopt nonlinear traction-separation laws at the interface for shear
and potentially for tensile failure. Neglecting interfacial nonlinearities
in mesoscale models in turn oversimplifies interfacial behavior, re-
ducing predictive accuracy and limiting practical applicability. Rather
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than calibrating the parameters, including fracture energies and shear-
tension interaction, of these traction-separation laws such that the
mesoscale model fits the experimentally measured composite behavior,
interfacial tests should directly provide them. Despite the advance in
testing practices (Dsouza et al., 2020) and considerable simulation
efforts to gain insights into interfacial stresses and failure mechanisms
of tests (Schiiller et al., 1998; Ash et al., 2003; Pandey et al., 2012;
Sockalingam et al., 2014; Dsouza et al., 2023) — see Section 2.1 for a
comprehensive review — it remains an open question until today, if and
how microdroplet tests results can be properly evaluated and ultimately
translated to mesoscale failure predictions for biocomposites.

The main goal of this paper is to establish a quantitative link
between experimentally measured force-displacement curves obtained
from microdroplet tests and the interfacial traction-separation law
governing fiber-matrix failure. Instead of relying on simplified scalar
measures such as the interfacial shear strength (IFSS), the aim is to
extract the underlying interfacial constitutive behavior responsible for
mixed-mode debonding.

Achieving this requires separating intrinsic interfacial properties
from the geometric and mechanical influences inherently embedded in
microdroplet test results. The measured response is affected not only
by the interface behavior but also by droplet geometry, blade position,
fiber cross-section, matrix behavior, and many more (Dsouza et al.,
2023). Consequently, the experimentally observed force-displacement
response reflects the interaction of multiple parameters rather than a
direct measure of interfacial behavior.

To isolate the interfacial response, a comprehensive numerical mi-
crodroplet model is required that accounts for the geometric complexity
of natural fibers and the relevant material nonlinearities. In this work,
a nonlinear finite element (FE) model is developed that incorporates
non-circular fiber cross-sections, anisotropic fiber properties, potential
interface anisotropy, and nonlinear matrix behavior. To the authors’
knowledge, such a comprehensive model for microdroplet testing of
natural fibers has not yet been reported.

The second main goal of the paper is to systematically analyze the
sensitivity of the interface behavior, based on the established FE model.
We aim to quantify the importance of individual input parameters and
discuss their mutual dependencies. Given the interacting geometric and
mechanical parameters, conventional one-factor-at-a-time sensitivity
studies are insufficient because they neglect parameter interactions and
nonlinear coupling. In practice, the influence of a single parameter
often depends strongly on the values of others, making systematic
exploration of the multidimensional parameter space computationally
demanding when relying solely on finite element simulations.

This is the motivation to employ artificial neural networks (ANNSs)
as surrogate models trained on a large set of nonlinear finite element
simulations. Once trained, ANNs provide a computationally efficient
tool that enables global sensitivity analyses. Moreover, because the
network consists of differentiable algebraic operations, derivatives of
the force-displacement response with respect to input parameters can
be computed efficiently, enabling a systematic evaluation of parameter
influence and interaction.

These surrogates also pave the way for an efficient upscaling rou-
tine from microdroplet test to mesoscale biocomposite prediction, and
thus to the biocomposite failure behavior. This is particularly impor-
tant given that microdroplet tests for natural fibers typically yield
large, highly scattered datasets, even for nominally identical speci-
mens. In addition, experiments are often conducted across multiple
material variants, including different polymers, fiber types, and fiber
surface treatments, while environmental factors such as moisture and
temperature further influence the results. Translating these numer-
ous experimental datasets into consistent interfacial parameters for
mesoscale composite models would require a large number of nonlinear
simulations. The ANN surrogate therefore provides a fast and reliable
alternative, enabling efficient interpretation of microdroplet tests and
their translation into mesoscale biocomposite models.
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To achieve the two main goals, the remainder of the paper is struc-
tured as follows: Section 2 starts with a detailed review of existing FE
studies on microbond tests, highlighting their methodologies and key
findings. This knowledge is then exploited to develop a novel FE model
of microdroplet failure and to adopt and train an ANN model. Section 3
presents the results of the microdroplet simulations and the sensitivities
regarding changes in geometrical and mechanical parameters. Section 4
finally concludes with key insights and directions for future research.

2. Microdroplet test simulations and neural network surrogate
model

2.1. Overview of microdroplet FE simulations in the literature

This section provides an overview of the FE studies on microbond
tests, summarized in Table 1. The table highlights the studied materials,
assumptions for the FE models, adopted constitutive laws, and the
objectives and key findings of each study. Organized chronologically by
publication year, this breakdown underscores the advances in modeling
interfacial mechanics and the evolving understanding of these systems.

The majority of studies rely on 2D axisymmetric models (2D,,)
(Schiiller et al., 1998; Ash et al., 2003; Kang et al., 2009; Pandey et al.,
2012; Li et al., 2017; Sato et al., 2017; Zhi et al., 2017; Nian et al., 2018;
Bellil et al., 2023) for computational efficiency, although several have
adopted 3D quarter models (3un) (Pandey et al., 2012; Minnicino and
Santare, 2012; Sockalingam et al., 2014) or full 3D models (3D) (Zhao
et al., 2018; Dsouza et al.,, 2020, 2023) to better capture complex
stress states. The droplet geometry is typically simplified as elliptical in
profile (while circular in cross-section) (Schiiller et al., 1998; Ash et al.,
2003; Kang et al., 2009; Minnicino and Santare, 2012; Sockalingam
et al., 2014; Li et al., 2017; Sato et al., 2017; Nian et al., 2018), but
Carroll’s fit (Carroll, 1976) is also commonly used to account for the
meniscus formed by surface tension (Ash et al., 2003; Kang et al., 2009;
Pandey et al., 2012; Zhao et al., 2018). Blades are often modeled as
rigid, frictionless bodies (Ash et al., 2003; Kang et al., 2009; Pandey
et al., 2012; Minnicino and Santare, 2012; Sockalingam et al., 2014; Li
et al., 2017; Zhao et al., 2018), with parallel blade configurations only
considered in 3D models (Pandey et al., 2012; Zhao et al., 2018; Dsouza
et al., 2020, 2023). Most studies model flat vise angles (f=0°) (Ash
et al., 2003; Pandey et al., 2012; Minnicino and Santare, 2012; Sock-
alingam et al., 2014; Li et al., 2017; Sato et al., 2017; Nian et al., 2018;
Zhao et al., 2018) and sharp blade corners (Kang et al., 2009; Minnicino
and Santare, 2012; Sockalingam et al., 2014; Li et al., 2017; Nian et al.,
2018; Zhao et al., 2018; Dsouza et al., 2020, 2023). In some cases, the
blades are not explicitly modeled, with boundary conditions applied
directly to surface nodes of the droplet (Schiiller et al., 1998; Zhi et al.,
2017; Bellil et al., 2023). Isotropic (Iso.) linear elastic (LE) material
models are frequently used for fibers and droplets (Schiiller et al., 1998;
Kang et al., 2009; Minnicino and Santare, 2012; Sockalingam et al.,
2014; Li et al., 2017; Zhi et al., 2017; Nian et al., 2018; Bellil et al.,
2023), although some studies incorporate plasticity for the droplet (Ash
et al., 2003; Pandey et al., 2012; Sato et al., 2017; Dsouza et al., 2020,
2023) or thermal effects from droplet curing (denoted as a; in Table
1) (Sockalingam et al., 2014; Sato et al., 2017; Zhao et al., 2018;
Dsouza et al., 2023). For interface modeling, cohesive zone models
(CZM) with bilinear traction—separation laws are widely employed and
implemented exclusively via cohesive surfaces (Minnicino and Santare,
2012; Sockalingam et al., 2014; Li et al., 2017; Sato et al., 2017; Nian
et al.,, 2018; Zhao et al., 2018; Dsouza et al., 2020, 2023). In some
cases, the traction-separation laws are combined with Coulomb fric-
tion (¢) (Minnicino and Santare, 2012; Sockalingam et al., 2014; Zhao
et al., 2018). However, mixed-mode behavior is not always included in
these models.

This overview shows that capturing microdroplet behavior requires
detailed modeling of geometry, interface properties, and boundary
conditions. While many studies rely on simplifying assumptions — par-
ticularly regarding droplet shape and material behavior — we develop
a 3D model that reflects the complexities of natural fiber composites,
as described next.



Table 1
Overview of FEA approaches in microbond tests, summarizing materials, modeled geometry, constitutive behaviors, study objectives, and key findings. (continued on next page).
Materials FEA Geometry Material laws Aim of the study Findings/Comments Ref.
Dim. Droplet Blade Blade Fiber Droplet Interface
glass / 2D, elliptical axisym. nodal - Iso., LE Iso., LE fracture Investigate the influence of Demonstrates how Schiiller
epoxy constraints mechanics interfacial friction, friction stabilizes et al. (1998)
on droplet approach + u geometry, and crack crack extension.
extension criteria using Highlights
FEA and fracture challenges of
mechanics. mixed-mode loading
and elliptical
geometry.
glass / 2D, elliptical, axisym., rigid, fric- Iso., LE elastic-perfectly Interphase Study effects of bead Significant impact Ash et al.
polyester, circular round edge, tionless plastic region, geometry, interphase of bead geometry (2003)
glass / arc, p=0,7,14° elastic-perfectly properties, and vise angle (meniscus) and vise
epoxy Carroll’s plastic on stress distribution. angle.
fit
carbon / 2D, elliptical, axissym., rigid, fric- Iso., LE Iso., LE not explicitly Evaluate (real) interfacial Suggests Kang et al.
epoxy cylindri- sharp edge, g tionless modeled shear strength using FEA compensation factor (2009)
cal, ~ 20° (stresses at and experiments. (0.90-1.25) for
Carroll’s interface stress concentrations
fit evaluated) for IFSS.
carbon / 2Dy, 3Dgy Carroll’s parallel, rigid, fric- Iso., LE LE and not explicitly Evaluate effects of blade 3D model captures Pandey et al.
epoxy fit round edge, tionless elastic-perfectly modeled geometry and blade stress states better, (2012)
p=0° plastic (stresses at separation on stress highlighting
interface distribution, failure modes limitations of
evaluated) and scatter. shear-lag model.
glass / 3Dgy elliptical axisym., rigid, fric- Iso., LE Iso., LE CZM with Model the progressive Mode II dominant, Minnicino
epoxy sharp edge, tionless bilinear traction damage of fiber-matrix smaller microvise and Santare
p=0° separation law interface using CZM. Study opening results in (2012)
(no mixed impact of geometry and smaller zone of
mode), + u material properties. mixed mode
interface.
glass / 3Dy elliptical axisym., rigid, fric- Iso., LE Iso., LE + ag CZM with Develop a detailed FE Highlights the Sockalingam
epoxy sharp edge, tionless + ar bilinear traction model including residual impact of thermal et al. (2014)
p=0° separation law thermal stresses, friction pre-loading (curing)
(mixed mode: and mixed mode to and droplet size on
stresses and determine traction progressive failure.
fracture separation laws. Identifies
toughness), + u predominantly
Mode II behavior,
but mixed-mode
initiation.
CNT / 2D, elliptical axisym., rigid, fric- Iso., LE Iso., LE CZM with Investigate interfacial Highlights complex Li et al.
PMMA, sharp edge, tionless bilinear traction damage and failure stress distributions (2017)
CNT / p=0° separation law mechanisms in CNT and non-linear
PAA (no mixed mode) interface behavior.

fiber/polymer composites
to predict F-§ behavior.

(continued on next page)
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Table 1 (continued).

Materials FEA Geometry Material laws Aim of the study Findings/Comments Ref.
Dim. Droplet Blade Blade Fiber Droplet Interface
carbon / 2D, elliptical axisym., high stiff., Trans. viscoelastic, CZM with Accurately evaluate Uses Sato et al.
TriA-X rounded friction- Iso., LE + plastic + ag bilinear traction interfacial strength by thermo-viscoelastic (2017)
polyimide edge, f=0° less ar +dmg. separation law combining experiments and modeling to account
(no mixed mode) FEA, incorporating for residual stresses.
thermo-viscoelasticity and Highlights how
resin damage. resin damage
initiates before
interface failure.
polyester 2D,, real axisym. nodal - Iso., LE Iso., LE Coulomb friction Investigate effects of Identifies significant Zhi et al.
fiber / geometry constraints (u) model geometrical parameters dependency of IFSS (2017)
epoxy from exp. on droplet (fiber diameter, embedded on fiber diameter,
length, blade separation) embedded length,
on IFSS through and blade
experiments and FEA. separation.
glass / 2D,, elliptical axisym., rigid, + u Iso., LE Iso., LE CZM that Propose and validate a Dimensional Nian et al.
epoxy sharp edge, extends a CZM accounting for analysis links IFSS (2018)
p=0° bilinear traction friction. Investigate the to a characteristic
separation law effects of geometrical and length scale,
to account for interfacial parameters on emphasizing the
post-peak the IFSS through FEA and geometry’s impact.
friction (no experiments.
mixed mode)
carbon / 3D Carroll’s parallel, rigid, fric- Trans. Iso., LE + ag CZM with Study the effects of Prismatic blades Zhao et al.
epoxy fit sharp edge, tionless Iso., LE + bilinear traction geometric and interfacial produce higher axial (2018)
p=0° ar separation law parameters (e.g., meniscus, fiber stress than
(mixed mode: blade geometry, and circular blades;
stresses and misalignment) on IFSS Meniscus presence
fracture variability and failure influences local
toughness), + u mode; stress distribution.
glass / 3D real test setup Iso., LE, Iso., LE elastic-plastic CZM with Investigate interfacial Highlights stages of Dsouza et al.
epoxy geometry fully modeled friction- with kinematic bilinear traction debonding in microbond fracture (elastic (2020)
from exp. (parallel) less hardening separation law tests using local strain loading, crack
(mixed mode: monitoring; validate 3D FE nucleation, growth,
fracture models for interfacial and final
toughness) damage progression and debonding). Local
fracture. strain monitoring
improves accuracy
of F-¢ relationships.
glass / 3D as above as above as above Iso., LE + LE, elastic-plastic as above Investigate the Explores how Dsouza et al.
epoxy ar with perfect, interdependencies between geometric (2023)
isotropic, droplet geometry, thermal variations, material
kinematic residual stresses, material hardening, and
hardening properties, and interfacial curing-induced
behavior in microdroplet residual stresses
tests using experiments mutually influence
and FEA. interfacial
debonding.
flax / 2D,, elliptical axisym. nodal - Iso., LE Iso., LE spring like zero Predict the interfacial Explores interfacial Bellil et al.
thermo- constraints thickness layer stiffness, critical parameters of a (2023)
plastics on droplet similar to CZM, separation, and debonding simplified traction
(PLA, linear + propagation in flax separation law.
PBS, PP, exponential fiber-reinforced
MAPP, debonding thermoplastics by
PHA) experiments and FEA.
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C3D8  3p1p

Fig. 1. Overview of the finite element (FE) analysis setup for microdroplet tests. (a) Full simulation model displaying the blades and their fixation (in gray),
(b) a close-up view of the fiber-droplet configuration between the blades and its geometric definitions, and (c) discretization of the model and selected element

types for the fiber, droplet, and blades.
2.2. FE model

2.2.1. Geometry

Given our interest in systematically studying the effects of changes
in geometry and interfacial behavior on the stress-strain response
measured in microdroplet tests of biocomposites, we aim for a fully
parametrizable 3D model. Geometrical parameters of the fiber-droplet-
blade test frame, see Fig. 1, are discussed first. To account for the nat-
ural shape variability characteristic of plant fibers, the fiber is modeled
with an elliptical cross-section defined by a minor axis length a; and
major axis length b;. This deviation from a circular geometry introduces
the fiber’s rotational orientation a relative to the blades [Fig. 1(b)]
as an additional parameter—making this the first model to explicitly
incorporate fiber rotation. While such non-circular cross-sections are
particularly pronounced in natural fibers, comparable deviations from
ideal circularity have also been reported for synthetic fibers (Thomason
et al., 2024). The fiber is truncated just above the droplet, unlike ex-
perimental configurations with long free fiber segments that contribute
to the total displacement (Hampe and Marotzke, 1997; Minnicino and
Santare, 2012; Sockalingam et al., 2014). As this contribution depends
linearly on the (often undocumented) free fiber length and can be
described analytically by linear elasticity, it is omitted here to isolate
the response of the droplet-interface system. The truncated end is
pulled in the z-direction, with load and displacement tracked at this
position. The fiber extends below the droplet by a length equal to the
droplet itself, ensuring consistent fiber-droplet contact throughout the
simulations.

The droplet itself is modeled with a circular cross-section, sharing a
common center with the elliptical fiber. To approximate the droplet’s
shape in the longitudinal direction, Carroll’s method (Carroll, 1976;
Song et al.,, 1998; Ash et al., 2003) is adopted, accounting for the
meniscus with contact angle 6 formed by surface tension when applying
the polymer to the fiber. Thus, the parametric profile of the quarter of
the droplet that is located in the positive xz—plane as a function of the
elevation ¢ (angle from x) reads as

x = %ld\/l — K2sin®(¢),

| V0 < ¢ < dmax (€))
z=3 [masE (¢, k) + 14 Eo (b, 5)]
with
= [a008(0) — a @

Iq —agcos(9)’

2 - 2
k= ﬂ (3
ld

and where E|(¢, k) and E,(¢, k) are the incomplete elliptic integrals
of the first and second kinds, respectively, and where ¢, marks the

angle at which the bead meets the fiber surface:

a2

Pmax = arcsin % 1- l—; . 4
d

The profile is then mirrored around the x-axis and revolved around the
z-axis to generate a 3D droplet shape, which is subsequently intersected
with the elliptical fiber geometry. Finally, the razor blades are used
in the test setup and modeled sufficiently large to align with typical
test configurations and to capture deformations resulting from potential
bending. The blades are positioned parallel to each other, similar to
setups described in the literature (Zhi et al., 2017; Nian et al., 2018;
Bellil et al., 2023). Each blade has a two-sided double bevel at a 20°
angle, and a thickness of 0.22 mm. In the model, the blade width
extends to 3 mm up to the fixation point, with a length of 4 mm,
as shown in Fig. 1(a). The blade distance g can significantly affect
the stress distribution and resulting apparent IFSS (Chou et al., 1994;
Pisanova et al., 2001; Ash et al., 2003; Kang et al., 2009). The minimum
blade distance g,;, is determined by the geometric constraints that the
blades do not intersect the fiber

2
Smin = af\/ (bf COS(“)> +sin’(@), ®)

ag

while the maximum blade distance is set equal to the droplet diameter,
gmax = dq. In between these bounds, we define the blade distance by a
normalized input n,, with 0 <n, <1 as

& = &min t Mg * (8max — &min)> (6)

where n, = 0 corresponds to blades touching the fiber (g = gp;,), and
n, =1 corresponds to blades only touching the outer perimeter of the
droplet (g = gpay)-

2.2.2. Constitutive material behavior

A flax-MAPP (Maleic Anhydride-grafted Polypropylene) biocom-
posite was selected as the basis of our study due to the availability
of extensive experimental data for interface, fiber, matrix, and com-
posite (Bourmaud et al.,, 2013; Pantaloni et al., 2021; Bellil et al.,
2023). In this study, the matrix droplet and fiber bulk properties are
kept constant throughout, to focus solely on variations of interfacial
mechanical properties. The matrix material is modeled using von Mises
plasticity with isotropic hardening. This choice reflects the ductile
behavior observed in experimental stress-strain curves of the pure
polymer material, which show gradual yielding and hardening rather
than abrupt failure. Specifically, the yield stress and the isotropic
hardening parameters were directly calibrated using the experimental
stress—strain data of the pure MAPP matrix as reported by Pantaloni
et al. (2021). Linear elasticity is assumed up to 25% of the peak stress,
with the Young’s modulus likewise derived from these experimental
benchmarks, see Fig. 2 or Table 2 for further details.
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Fig. 2. Nominal stress-strain response of the MAPP matrix.
Source: Extracted and adapted from Pantaloni et al. (2021).

Table 2
Fixed Mechanical parameters used for the microbond simulations.
Blades (Steel) Fiber (flax)* Matrix (MAPP)?

E 210 GPa Cun 51.6 GPa E 1580 MPa
v 0.30 Corer 7.14GPa v 0.43

Cir 2.63GPa oy 6.46 MPa

Crt 2.58 GPa :

Car 2.28 GPa o, 60 27.00, 0.03972

2 As in Senk et al. (2025).
b For a complete list of parameters, see Senk et al. (2025).

The fiber properties are based on single-fiber tensile tests from the
same experimental dataset (Bourmaud et al., 2013). To account for the
anisotropic characteristics of plant fibers, the elastic stiffness tensor
is determined using a multiscale micromechanics model (Konigsberger
et al., 2023), assuming transversely isotropic behavior. An overview of
the constant mechanical properties used in the model is provided in
Table 2.

The fiber-droplet interface is represented by a bilinear traction—
separation law using cohesive surfaces. The traction t; (i €{n,s,t},
with normal (n), shear (s), and tangential (t) direction) is related to
separations §; through an uncoupled stiffness tensor:

t] [Kww O 07 [s,
Is|= K 01 o | (@)
I sym. K| |6
where K;; are the stiffness components. Interfacial damage initiates
when a maximum stress criterion is met:

t t t
finit:max{_n ’—|S| ,—l d } >1, 8
tn,ult ts,ult tt,ult

with #, ;; as direction-dependent interface strength. Damage evolution

is governed by a mixed-mode criterion to assess the relevance of energy
contributions in directions other than the shear direction, reading as
G G, G

no, s Tt

Gn,c Gs,c Gt,c

=1, 9

incorporating direction-specific fracture energies G; and critical frac-
ture energies G, .

The interfacial parameters, including strengths ¢; ), and fracture
energies G, are treated as variable inputs in this study and are
systematically analyzed in the results in Section 3.2.3. Among these, the
directions s and ¢ correspond to Mode II and Mode III fracture behavior,
respectively. While the actual stress or separation states may differ in
these directions, we assume equal interface strengths (; ¢ = ?; 1) and
critical fracture energies (G, = Gy ) in all simulations. For simplicity,
only the subscript s is used to refer to shear-related parameters in
the remainder of the text and figures. The stiffness components of the
uncoupled traction-separation law are kept constant throughout all
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analyses, using high, yet numerically stable values, as discussed in Senk
et al. (2025).

Coulomb friction is considered a variable input between the fiber
and droplet, as well as between the droplet and the blades, as friction
is essential for accurately capturing interfacial mechanics, especially for
capturing post-peak behavior (Nian et al., 2018). This way, two friction
coefficients are defined: the blade-to-droplet friction coefficient )4,
and the fiber-to-droplet interface friction coefficient ;.

2.2.3. Numerical aspects

The mesh consists of ten-node tetrahedral elements with a quadratic
shape function (C3D10) for the blades. The fiber-droplet system em-
ploys eight-node linear hexahedral elements with a linear shape func-
tion (C3D8), with approximately 1600-2000 elements, as shown in Fig.
1(c) and discussed in more context in a mesh study in Section 3.1.

Implicit geometric nonlinear static analysis is performed in Abaqus
(Abaqus, 2024). Viscous regularization is applied to ensure numerical
stability. While artificial viscosity stabilizes the solution, excessive
stabilization can distort results, necessitating careful monitoring of its
impact. Following the approach outlined in prior work (Senk et al.,
2025; Vida et al., 2022, 2023), we adopt an energy-based criterion to
evaluate the influence of stabilization energies:

E
fori = % <0.1%, (10)
ALLIE

where Ejjpp is the total strain energy in the system, and Epppcp
represents energy related to viscous regularization of interfacial failure,
set with a viscosity coefficient of 1-107>. The energy criterion (10)
is evaluated in a postprocessing step to confirm that the stabilization
energy Eajrcp consistently remains within a strict threshold of 0.1%.

2.3. Neural network approach

2.3.1. Sampling strategy

To enable the systematic study of parameter effects on the micro-
droplet test behavior, the Abaqus model was fully parameterized for
both geometrical and interfacial parameters. Seven variable geometri-
cal parameters (see Fig. 1(b)) are considered in this study, including
three related to the droplet, three related to the fiber, and one associ-
ated with the test rig. The droplet geometry is described by its diameter
dy, its length-to-diameter ratio /4/dq, and the contact angle between
fiber and droplet 6. The fiber geometry is quantified by the diameter
along the minor axis of the elliptical cross section, g, the aspect ratio
bi/as of this cross section, and the fiber rotation angle a. Finally, the
test setup is characterized by the normalized blade distance n,. Six
variable interfacial (mechanical) parameters are considered, including
the mode I fracture energy G, and mode II/III fracture energies G,
along with the interface strengths in mode I, #,, and mode II/III, f,.
Additionally, the two friction coefficients yp,qe and ;s are varied.

To efficiently sample the parameter space while ensuring good cov-
erage of all parameter combinations, a Latin Hypercube Sampling (LHS)
approach is used. LHS ensures that each parameter is sampled evenly
across its range while maintaining a near-random distribution, making
it particularly suitable for high-dimensional parameter spaces (McKay
et al., 1979; Iman and Conover, 1980). For this study, the Julia package
LatinHypercubeSampling.jl (Urquhart et al., 2020) was employed.

Each model was simulated using Abaqus on a high-performance
computing cluster. For the chosen discretization (detailed in the mesh
sensitivity study in Section 3.1), individual simulations require approx-
imately 2-3 h of wall-clock time. To optimize throughput, simulations
are executed in parallel using 4 threads per run on a compute node
equipped with two 24-core AMD EPYC 7402 CPUs (totaling 96 threads)
and 512 GB of RAM. Simulations that failed due to convergence issues
or problematic parameter combinations were automatically excluded.
Only those that captured the full load—displacement behavior - includ-
ing the peak load and full degradation (either to zero force or a plateau
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in cases where interfacial friction was considered) — were retained
for further analysis. A small number of simulations exhibiting clearly
unrealistic responses (e.g., excessive displacements or non-physical
force-displacement curves) were manually filtered out and affected
only a few isolated edge cases in which individual elements experienced
extreme distortions.

The primary output of each simulation is the force-displacement
(F-6) curve obtained under displacement-controlled loading. Rather
than directly analyzing these curves, we normalize the force by the
embedded area A.ny, to obtain the apparent shear stress 7,5, = ¥/Aemp,
enabling comparison across different geometrical configurations.

To prepare the stress-displacement curves for training a neural
network, the raw 7,,,—6 data were first smoothed and then resampled.
This preprocessing step is necessary because the ANN requires input
data with a fixed resolution and predefined § limits. In contrast, the
adaptive load incrementation scheme used in Abaqus produces § values
that are unevenly spaced and vary between configurations. To smooth
the 7,,,~6 curves while preserving key features such as the peak load,
a Savitzky-Golay filter (Savitzky and Golay, 1964) with a window size
of 3 and a polynomial order of 1 was applied. Following this, the
filtered data were resampled to 150 uniformly spaced points using
linear interpolation, ensuring that all simulations — regardless of their
original output length — were represented by a consistent number of
Tapp—0 PAIrS.

2.3.2. Neural network architecture and training

The neural network used in this study is a fully connected feedfor-
ward model implemented as a Multi-Layer Perceptron (MLP) using the
Julia package Flux.jl (Innes, 2018; Innes et al., 2018). The architecture
is specifically designed to capture the non-linear relationships between
the input parameters and the output r,,,-6 curves. The ANN structure
is as follows:

An input layer with n neurons, matching the dimensionality of the
current parameter space.

Two hidden layers, each containing 4 - n neurons and using the
Rectified Linear Unit (RELU) as the activation function.

A dropout rate of 40% is applied after each hidden layer to reduce
overfitting for small datasets by randomly deactivating neurons
during training.

An output layer consisting of N = 150 neurons, representing the
predicted apparent shear stress 7,,, for a predefined range of &
values (see Fig. 3).

All variable (geometrical or mechanical) input parameters were
min-max normalized to the space I = [0, 1]. Define x; € I" as the
ith realization of the parameter space. The model’s prediction perfor-
mance is evaluated using the mean absolute error (MAE) between the
predicted and target curves. The MAE loss for a single (ith) parameter
configuration is defined as

N
MAE, = % Z Tapp.ij ~ Tapp,j (Xi)] 5 an
j=1

where N is the number of output points, 7., ; is the ground truth
value from the resampled FE simulations for configuration i at displace-
ment §;, and 7,p, ;(x;) is the corresponding ANN prediction. The total
loss minimized during training is the mean absolute error Ly;,z over
all training samples:

1 M N
ﬁMAE=W§j§

Tapp.i.j ~ Tapp,j(Xi)| - 12

where M is the number of training samples. The model is optimized
using the Adam optimizer with a learning rate of 0.001, and it is trained
for up to 10000 epochs using a batch size of eight. The dataset is split
into 80% for training and 20% for validation.
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Fig. 3. Architecture of the ANN model. The network maps the normalized
parameter vector x; to predicted shear stress curves 7,,, ;(x;) at 150 uniformly
spaced displacements §; via two hidden layers with RELU activation and 40%
dropout.

2.3.3. Gradient-based sensitivity analyses

Beyond its predictive capability, the ANN offers the unique ability
to compute derivatives of the #,,,-6 response with respect to individual
inputs x;. ANNs are well-suited for this task as they are composed of a
series of trivial algebraic function evaluations. Thus, automatic differ-
entiation can be applied, enabling a systematic sensitivity analysis that
allows the effects of each parameter to be studied independently—a
task that would be rather difficult to achieve with traditional FE simula-
tions alone due to the mutual dependencies among parameters (Dsouza
et al., 2023).

Following the notation from Section 2.3.2, for each predicted value
Tapp.j(X), where x € I", the first-order sensitivity with respect to a single
parameter x; at §; can be quantified by

a‘f'appy j (x)
ox;

i

13

The value of the partial derivative in Eq. (13), which quantifies the
local sensitivity of 7,5, ; to x;, can vary significantly depending on the
specific point x within the input space I". This variation reflects the
non-linear relationships and learned interdependencies among all input
parameters as captured by the ANN. Thus, to fully quantify a sensitivity,
Eq. (13) is evaluated for all x € I" c I", where I = {0,0.1, ..., 1}, leading
to a range of sensitivity values, further described by their interquartile
range and average.

Beyond individual partial derivatives, the Hessian matrix offers a
viable measure for mutual and self-dependency. A second-order depen-
dency between the parameters x;, x, € I, can be obtained by evaluating

02,0 1(X) }

— PP yxel"cTI"and V). a4
0X;0x,

Entries on the diagonal (i = k) indicate how the sensitivity of a

parameter is affected as the parameter itself varies, while off-diagonal
terms (i # k) characterize the change in sensitivity when another
parameter varies. As the procedure for computing the Hessian of
large problems is computationally intensive, it should be limited to
characteristic values of the 7,,,-6 curves, such as the maximum. This
effectively reduces the number of possible values for j. In addition,
by assessing the approximation error of a second-order Taylor series
expansion utilizing both Eqs. (13) and (14), the density of the space I"
can potentially be reduced.
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Fig. 4. FE-predicted force-displacement (F-5) curves using different mesh
configurations—from the finest (1) to the coarsest (5) discretization.

3. Results of the microdroplet simulations
3.1. Mesh study

First, a mesh sensitivity study was conducted to ensure the reliabil-
ity of the FE simulations across different parameter configurations. The
fiber-droplet configuration was discretized using hexahedral elements
with a linear shape function (C3D8), with element counts ranging from
592 to 7412, as shown in Fig. 4. The mesh was refined near the droplet’s
contact region with the blades to capture localized stress distributions
better.

The parameter set chosen for this study represents typical geomet-
rical and mechanical characteristics based on the flax-MAPP config-
uration reported by Pantaloni et al. (2021). This set includes mean
geometrical values (dq = 162 pm, /4 =220 pm, a; =21 pm, and 6 = 25.7 °),
combined with a non-circular fiber cross-section (4/s;=1.5) and a
rotated fiber orientation (a=30 °), introducing both complexity and
realistic variability to the test case. The interfacial mechanical parame-
ters were selected based on earlier mesoscale studies (Senk et al., 2025)
and include G;=0.30Nmm/mm?, t,=12.74N/mm? (where i €n,s),
and friction coefficients of y;,=0.3 and ppj9. =0.3.

The resulting force-displacement (F-§) curves from the simulations
show good agreement across all mesh configurations, indicating overall
mesh independence. However, a detailed comparison (see magnified
views in Fig. 4) reveals that the coarsest models (Cases 4 and 5) produce
significant numerical noise and non-physical artifacts, such as “double
peaks” at the maximum load. These features likely arise from localized
element-level distortions and do not represent the physical debonding
process. Such numerical noise is detrimental to ANN training, as it
prevents the model from distinguishing between calculation errors and
actual physical trends.

While the finest configurations, Case (1) and Case (2), provide the
most stable and overlapping results, their significantly higher compu-
tational cost makes them impractical for the hundreds of simulations
required for sampling. Consequently, a mesh density corresponding
to approximately 1600-2000 elements for the fiber-droplet system (as
in Case 3) is selected, maintaining computational efficiency required
for large-scale dataset generation while ensuring a smooth enough re-
sponse for ANN training. Furthermore, it accounts for other parameter
configurations where numerical artifacts might be even more prevalent.

3.2. Sensitivity studies

In this section, the sensitivity of the microdroplet test results is
systematically quantified with respect to variations in geometric and
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mechanical parameters. To maintain a high sampling density and en-
sure the robustness of the surrogate model, the analysis is partitioned
into three subsections.

This structure is motivated by the high-dimensional nature of the
parameter space: varying all 7 geometrical and 6 mechanical variables
simultaneously would require an prohibitively large training dataset
to achieve accurate predictions. By separating the geometrical and
mechanical sub-spaces, the required sample size remains computa-
tionally manageable while maintaining high predictive accuracy and
simplifying the interpretation of the results.

The workflow begins with a preliminary study to determine the
most appropriate fixed mechanical baseline, as different mechanical
interfacial properties may alter the observed geometric sensitivity. This
is followed by a surrogate-based geometrical sensitivity analysis, where
the ANN is trained on a varied geometric dataset while holding me-
chanical properties constant. Finally, a mechanical sensitivity analysis
is conducted, where the interfacial properties are varied against a
fixed geometric configuration to isolate their specific influence on the
debonding process.

3.2.1. Preliminary study on geometrical sensitivity

To study the role of geometry in isolation, the interfacial mechanical
properties must be held constant. However, the sensitivity to geometric
changes is strongly dependent on these fixed values, particularly in
cases where mechanical properties are uncoupled or overly simplified.
A preliminary study is therefore necessary to identify a represen-
tative mechanical parameter set that captures the relevant physical
sensitivities of the test.

The ranges of the seven variable geometrical parameters (n = 7) are
based on the microdroplet tests for the flax-PP biocomposite reported
by Pantaloni et al. (2021) and are summarized in Table 3. In more
detail, the droplet geometry — diameter (dy), length-to-diameter ratio
(I4/dy), and contact angle () — was considered to vary within one
standard deviation from the reported mean. The minor axis length of
the fiber’s elliptical cross-section a; corresponds to the range of fiber
diameters listed by Pantaloni et al. (2021). The fiber aspect ratio /af,
in turn, was set to vary up to 2.5, while the fiber rotation angle a ranges
from O ° to 90 °, representing all possible orientations. The normalized
blade distance n, ranges from 0.1 to 0.6. The lower limit of 0.1 avoids
numerical issues caused by the blades being too close to the fiber. In
contrast, the upper limit of 0.6 minimizes the droplet distortions before
the stresses transfer to the interface.

The constant mechanical parameters, in turn, first remain consistent
with those used in the mesh study, except that interfacial friction is
set to zero, see the parameters listed for the benchmark case (a) in
Table 3. Thereafter, two further sets of (constant) mechanical properties
are used to study geometrical sensitivity effects. Interfaces tend to
be weak upon debonding in normal direction (Mode I) due to lack
of adhesion (Dzenis and Qian, 2001; Kim and Mai, 1991; Camanho
and Davila, 2002). This is particularly pronounced in biocomposites,
where natural fiber interfaces exhibit greater variability in adhesion
quality, leading to more brittle behavior under normal loading condi-
tions (Pantaloni et al., 2021). This way, in Case (b), the traction in the
normal direction is significantly reduced to 50% of that being reported
in literate (Pantaloni et al., 2021), resulting in 7, =4.90 MPa, while
keeping the other tractions and fracture energies at their benchmark
values (see Table 3). In Case (c), the fracture energy in the normal
direction is substantially reduced to G,=0.0015Nmm/mm?2, while
the other values remain unchanged. For each of the three cases of
mechanical properties, 100 fiber-droplet configurations were generated
and simulated with FE.

First, the resulting shear stress-displacement curves are analyzed.
As for the benchmark case, the maximum shear stress 7,p, max remains
close to the interfacial shear strength 7, of 12.74 MPa for all geometrical
variations, see Fig. 5(a). The displacement at peak stress, however,
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Table 3
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Ranges of variable geometrical parameters and fixed mechanical parameters for three study cases.

Geometrical Parameters, compare Fig. 1(b).

dg® (pm) lafas® (-) ag" (pm) 6° () befag () a () n, ()

98-233 1.16-1.48 13-31 13.6-31.4 1.0-2.5 0-90 0.1-0.6

Mechanical Parameters from Senk et al. Senk et al. (2025)

t, (MPa) t, (MPa) G, (Nmm/mm?) G, (Nmm/mm?) Hilade (1) Hinge ()

Case (a) 12.74 12.74 0.30 0.30 0.6 0

Case (b) 4.90 12.74 0.30 0.30 0.6 0

Case (c) 12.74 12.74 0.0015 0.30 0.6 0

a As reported by Pantaloni et al. (2021), Bellil et al. (2023).
Tapp» MPa Typp» MPa Tapp» MPa
12 | 12 12 |
8 I 8 8 I
4 F 4 4 F
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Fig. 5. Apparent shear stress-displacement (,y,,-6) curves showing the geometric sensitivity for three cases of mechanical properties: (a) Baseline properties, (b)
reduced normal traction 7, and (c) reduced normal fracture energy G,; individual FE simulations are given in (gray), the black curves highlight the simulations

closest to the mean of 7, 1ay-

ranges from 10 to 40 microns. This demonstrates that if interface prop-
erties (strength and fracture energy) are independent of the direction,
the microdroplet test is indeed suitable for quantifying the interfacial
shear strength by dividing the applied force by the embedded area. This
is no longer the case when failure properties in normal directions are
reduced, see Cases (b) and (c). Then, mixed-mode interactions lead to
generally smaller peak stresses (see the representative black line closest
to the median of Tapp,max in Fig. 5(b)-(c)) and geometrical variations
lead to significant changes not only in displacements at peak stress but
also in the peak stresses themselves.

3.2.2. Surrogate-based geometrical sensitivity analysis

To further investigate the sensitivity of the individual geometrical
parameters, Case (c) was selected as the basis for ANN training. In this
context, each of the seven variable geometrical parameters is referred
to as x;, forming the components of the normalized input vector x € I’.
The choice of Case (c) over Case (b) is motivated by its slightly stronger
response to mixed-mode interactions, making it a suitable dataset for
learning the influence of geometrical variations on interfacial failure.
To ensure a sufficiently large and diverse dataset, the initial 100 FEA
simulations were extended to 300 samples. After filtering, 13 sam-
ples were excluded due to either automatic (e.g., convergence issues)
or manual (e.g., non-physical behavior) criteria. The remaining 287
configurations were split into 230 training samples and 57 validation
samples. To evaluate the robustness of the ANN approach, training and
validation datasets were shuffled in repeated training runs, verifying
consistent results across splits. While the dataset is compact, the use
of dropout layers prevents overfitting, and the high fidelity of the used
mesh ensures that the model learns from clean physical signals rather
than numerical artifacts.

Both training and validation loss converge rather quickly to values
amounting to mean average errors Lyp of 0.17MPa and 0.20 MPa,
respectively, see Fig. 6. Fig. 7 demonstrates the ANN’s ability to repli-
cate the “truth” of the FEA simulations for the unseen validation

ALMAEvMPa
—— training loss
—— validation loss
20 |
1.0 |
0.5
0.25
0.13 1 1 1 1 ’
0 2500 5000 7500 10000 epochs

Fig. 6. Training and validation loss over 10000 epochs.

dataset very accurately. The best prediction (Fig. 7(a)) aligns almost
perfectly with the ground truth, the median prediction only exhibits
minor discrepancies (Fig. 7(b)) and even the worst prediction (Fig.
7(c)) remains sufficiently accurate. Notably, the ANN training process
was designed to avoid overfitting by incorporating dropout layers.
Therefore, an additional smoothing of the data is expected.

The trained and validated neural network is finally utilized to study
the sensitivity of the results with respect to changes in the geometric
input parameters. Fig. 8 presents the results of this study. To illustrate
the impact of geometrical variations in Fig. 8(a), the ANN is first used to
show the mean and representative quantiles (5, 25, 75, and 95%) of the
apparent shear stress as functions of the displacement. The correspond-
ing quantile bands (5-95% quantile band in light gray, 25-75% quantile
band in dark gray) underline that geometric variability manifests in
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Fig. 7. Comparison of ANN predictions (black dashed lines) with smoothed and resampled FEA simulation results (light red lines) for (a) the best, (b) median, and
(c) worst predictions within the validation dataset. Each subplot also includes a 3D view of the meshed initial fiber-droplet configuration with all corresponding
geometrical parameters and a vertical 2D cross-section through the fiber axis of the deformed state with von Mises stress overlay.

substantial differences across the whole stress-displacement curves.
Notably, peak stresses and corresponding displacements at peak stress
vary significantly, as already seen in Fig. 7(c).

The actual benefit of training the ANN lies in the possibility of
analyzing the effects of each individual input based on gradients, as
explained in the Methods (Section 2.3.3). Fig. 8(b) displays the ANN-
based stress gradients with respect to the individual input parameters
as a function of the displacement. For every displacement point §;,
the partial derivative d7,,,;/0x; is computed across a grid of input
parameter vectors x € I". This yields a range of gradient values for
each x; and § s from which the mean (solid line) and interquartile range
(shaded area) are shown.

In Fig. 8(b), the magnitude of the gradients reflects the degree of
sensitivity, with higher absolute values (positive or negative) indicating
a stronger influence of the parameter on the output curve. Notably, a
wide interquartile range in the gradient distributions highlights that
sensitivity varies considerably across configurations, pointing to com-
plex interactions and potential nonlinear effects within the parameter
space. Positive gradients Ma—z""j > 0 indicate that increasing a parameter
x; leads to a higher shear stress Tapp,; At displacement 6;, while negative

gradients d’;% < 0 imply that increasing x; reduces the measured
stress response.

The fiber diameter (a4;) exhibits the strongest influence on the
predicted 7,;,, particularly near the peak stress. An increase in a; leads
to a pronounced decrease in 7, in this region, thereby reducing the
maximum apparent shear stress 7,,, ... This behavior is consistent

10

with findings by Zhi et al. (2017), who reported higher IFSS for smaller
fiber diameters. The effect likely stems from a combination of stress
distribution characteristics and the embedded area normalization: al-
though the force is normalized by the fiber-matrix interface area, the
reduction in 7,,, with increasing diameter remains significant. In the
post-peak region, a slight shift toward positive gradients suggests that
larger fiber diameters may delay stress decay, possibly due to a more
distributed energy release or a broader cohesive zone.

Similarly, the aspect ratio bt/a;, which also involves a;, shows a
comparable influence pattern: in the peak regime, increasing the aspect
ratio — i.e., making the fiber more non-circular—reduces apparent shear
stress f,5,. The droplet dimensions, namely the droplet diameter (dq)
and length-to-diameter ratio /a/d4, exhibit similar but less pronounced
effects compared to the fiber diameter. In the pre-peak and peak
regimes, increasing either parameter leads to a lower apparent shear
stress 7. This suggests that larger or more elongated droplets alter
the stress distribution along the interface in a way that reduces the
measured macroscopic stress response. In the post-peak regime, the
slight positive gradients imply that these geometrical changes may
contribute to a more gradual decrease of %, after failure. In contrast,
the fiber rotation angle («) shows minimal influence across all regimes.
The contact angle (6), within the narrow range considered, similarly
has a negligible impact on 7,,,. However, its influence might become
more pronounced if the droplet geometry were modeled elliptically
rather than using Carroll’s method, as suggested by several studies (Ash
et al., 2003; Kang et al., 2009). Interestingly, the blade distance (n,)
exhibits the most positive influence on #,,, after the peak. This is
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Fig. 8. (a) ANN-based shear stress—displacement predictions across the pa-
rameter space, showing the mean (solid black line), 25%-75% quantile band
(interquartile range, dark gray), and 5%-95% quantile band (light gray). (b)
Gradient analysis depicting the sensitivity of the predictions with respect to
each input parameter.

reasonable, as a larger blade distance increases deformations through
droplet plasticity, leading to greater overall deformations and effec-
tively shifting the curve to the right, creating the appearance of a
positive impact on 7.

3.2.3. Surrogate-based mechanical sensitivity analysis

To complement the geometrical analysis, this section investigates
the influence of mechanical properties on interfacial failure in mi-
crodroplet tests. While keeping geometrical parameters constant, we
vary key mechanical parameters, specifically those governing the in-
terfacial traction-separation law and the frictional coefficients at the
blade-droplet and fiber-droplet interfaces.

The fixed fiber-droplet geometry with circular cross-section is based
on the flax-MAPP configuration reported by Pantaloni et al. (2021)
(see Table 4). The normalized blade distance ng was set to 0.15,
corresponding to an actual blade distance g =42 pm. Wide mechanical
parameter ranges were chosen to capture the diverse compositions of
biocomposites, see Table 4. The benchmark interface strength is based
on the experimentally measured IFSS"" from Pantaloni et al. (2021),
serving as a reference. The strength in normal direction, ,, ranges
from 0.1-1.5 -IFSS'", while the shear strength ¢, ranges from 0.5-2.0
-TFSS'". The fracture energy G, is set to 0.001-0.10 Nmm/mm?, while
G, ranges from 0.01-0.50 Nmm/mm?. Both Coulomb friction coeffi-
cients are varied up to 0.8. These six mechanical parameters define the
input vector x; € I°, following the same notation as in Section 2.3.2.

Similar to the geometrical study, 300 unique mechanical parameter
sets were created using Latin hypercube sampling and subsequently
simulated using FE analysis. As before, automatic and manual filtering
of FE results is performed. Due to the extreme parameter combinations,
61 simulations had to be excluded. Most of these failed simulations
struggled to fully capture post-peak behavior, which is inherently dif-
ficult to simulate using implicit FE solvers with the standard Newton
scheme. After filtering, 192 samples were used for training and 47
for validation. The Ly loss was 0.34 MPa for training and 0.36 MPa
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for validation, indicating a sufficiently stable model to identify trends.
Results remained consistent across different runs, reinforcing the ro-
bustness of the trained ANN. Fig. 9(a) illustrates the worst prediction
among all validation samples.

The quantile bands in the shear stress-displacement (f,,,-6) dia-
gram are analyzed first, see Fig. 9(b). Within the pre-peak regime up
to displacements of roughly eight microns, all configurations behave
similarly because elasto-plastic droplet and elastic fiber properties are
constant throughout the study, and interfaces remain intact. Thereafter,
the ranges of response significantly widen due to the large parame-
ter ranges considered. The 5%-95% peak stress quantile ranges from
roughly 6-16 MPa, and these wide bands continue in the post-peak
regime, with ultimate displacements ranging from 20 to well over
100 pm. These large ranges in the microdroplet response result from
the wide ranges of mechanical parameters considered (see Table 4).

Gradient-based sensitivity analysis is used to dive deeper into the
relations between the mechanical parameters. The highest gradients
within the mechanical parameters (Fig. 9(c)) are, unsurprisingly, as-
sociated with the shear direction parameters, as these represent the
primary factors targeted in a microdroplet experiment. After the initial
narrow bands, the spread in the droplet response widens significantly
at around 10 pm of displacement. At first, the interfacial shear strength
ts drives this increase, as its gradient % increases first, see the blue
line in Fig. 9(c). After most of the simulated droplets exhibited their
corresponding peak shear stresses 7,,, the gradient related to , already
decreases. This illustrates that the interfacial shear strength mainly
increases the droplet shear strength, but has only a minor influence
in the post-peak regime. At high displacements, beyond 50 pm, the
gradient even turns negative, indicating that an increasing interfacial
shear strength #; decreases the droplet shear stress 7,;, at the same
displacement.

In the post-peak regime, the interfacial shear fracture energy (G,

in yellow) dominates the response of the droplet. The corresponding
Oapp
0

gradient even exceeds the one related to the interfacial shear
strength. Note that this is also related to the large range considered
for this parameter, see Table 4. The gradient G, increases very sharply
once some simulated droplets have already peaked, at around 15 pm of
displacement, and then continuously decreases.

The gradients related to the interface parameters in normal direc-
tions, ¢, and G,, quantify the sensitivity through mixed-mode inter-
actions. While their magnitude is, as expected, significantly smaller
compared to their shear counterparts, some interesting trends emerge:
The gradient related to the normal traction (z,, in magenta) increases
much after the one related to shear and decreases significantly slower,
highlighting that 7, also influences the post-peak response. The gradient
related to the fracture energy in normal direction (G,, in green) is
very small throughout, despite the large range spanning two orders of
magnitude.

Finally, the gradients related to shear coefficients (fiber-droplet
interface friction p, in orange; blade friction pp,q. in red) are
discussed. The interface friction gradient evolution peaks around the
droplet’s peak stress and continuously decreases in the post-peak
regime. Notably, friction is activated right from the start—not just after
debonding, explaining why the interface friction already influences
the peak stress. The blade friction (upj,qe, in red) exhibits a nega-
tive gradient, with higher friction leading to slightly lower apparent
shear strength. This can be explained by the additional normal tensile
forces introduced near the interface at the blade height, where friction
constrains the droplet.

While the gradient analysis of the full #,,,~5 curve provides valuable
insights, its interpretation is challenging due to nonlinear interactions
and parameter interdependencies spread across the entire displacement
range. In particular, it remains difficult to isolate how individual me-
chanical parameters influence specific features of the response, such
as the maximum apparent shear stress 7,p, max OF the displacement at
peak stress. To disentangle these effects, an additional analysis was
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Table 4
Variable mechanical and fixed geometrical parameters.
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Mechanical Parameters

t, (MPa) t, (MPa) G, (Nmm/mm?) G, (Nmm/mm?) Hbiade () Hinge ()
0.98-14.70 4.90-19.60 0.001-0.10 0.01-0.50 0-0.8 0-0.8
Geometrical Parameters
dg* (pm) lafds® () ag* (pm) 6 () bifa; () a () n, ()
162 1.36 21 25.7 1.0 - 0.15
2 As reported by Pantaloni et al. (2021), Bellil et al. (2023).
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Fig. 9. ANN results of the mechanical parameter variations. (a) Worst prediction within the validation dataset. (b) Shear stress—displacement predictions across
the parameter space, showing the mean (solid black line), 25%-75% quantile band (interquartile range, dark gray), and 5%-95% quantile band (light gray). (c)
Gradient analysis depicting the sensitivity of the predictions with respect to each input parameter.

conducted by training a simplified ANN model focused exclusively
on predicting the apparent shear strength 7,,, n.x. This model was
trained using the same set of variable mechanical and fixed geometrical
parameters listed in Table 4, ensuring a direct comparison with the full-
curve predictions. Focusing on a scalar output allows for a more precise
quantification of parameter influence through second-order derivatives.

The model follows the same fully connected feedforward architec-
ture as the initial ANN but with reduced complexity. It consists of an
input layer matching the number of variable mechanical parameters
n, a single hidden layer with 4 - n neurons, and an output layer pre-
dicting only the apparent strength %, ...x instead of the whole stress—
displacement curve. To ensure smooth and differentiable outputs, the
Continuously Differentiable Exponential Linear Unit (CELU) activation
function was chosen, enabling second-order derivative computations
for a more detailed sensitivity analysis. The sensitivity analysis is
conducted at the center point of all normalized parameter intervals, en-
suring equidistance from the parameter space boundaries and providing
a representative basis for local interpretations. The model was trained
using the Adam optimizer with a learning rate of 0.0001, a batch size of
4, and 1200 epochs. After training, the model achieved a coefficient of
determination of R* = 0.9513 on the validation dataset when predicting
‘?app,max'

For assessing the sensitivity of 7,5, ma.x with respect to the input
parameters, again, the gradient information can be used. A first-order
Taylor expansion, only including gradient information, resulted in an
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R? = 0.9683 fit with respect to the exact prediction of the ANN. Incor-
porating second-order terms significantly improved the approximation
to R* = 0.9989, suggesting that a model with first and second-order
terms only can very accurately predict the shear strength.

The gradient analysis (Fig. 10(a)) provides first-order sensitivities,
revealing how strongly each individual mechanical parameter influ-
ences the apparent shear strength 7,,, .- The highest positive gradient
is, by design of the microdroplet test, associated with the interfacial
shear strength 7,. In contrast, the shear fracture energy G, has a much
smaller influence.

While first-order gradients quantify the sensitivity regarding
changes in a single parameter, they do not capture interactions between
parameters. The Hessian analysis (Fig. 10(b)) provides second-order

sensitivities, revealing nonlinear couplings between mechanical param-
. . . 0%

eters. Diagonal elements in the Hessian (— 5=

X7

. . A . I
derivative of 7,;, .« With respect to the same parameter. For example,

) represent the second

2.
Tapp,max

the negative diagonal value 2 ~ —6 indicates that increasing
ts reduces its own sensitivity—mseaning at higher values, further in-
creasing shear traction has less impact on 7, 4« This suggests a cap,
where additional traction no longer leads to a significant increase in
apparent shear strength. This corresponds to the trend in Fig. 9(b):
While the 5% quantile reaches a maximum at approximately 5MPa,
the 95% quantile peaks just above 16 MPa, despite the input range of

ts spanning 4.90-19.60 MPa. This further confirms that increasing
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Fig. 10. Sensitivity analysis of the ANN trained on apparent shear strength 7,,;, ., with respect to the mechanical input parameters: (a) Gradient analysis
showing first-order sensitivities, and (b) Hessian analysis illustrating second-order sensitivities, highlighting parameter interactions.

beyond a certain point has diminishing benefits on the apparent shear
strength.

Off-diagonal elements (M) describe how two different pa-

rameters 1nteract—whether the1r “effects are independent or coupled.
Tapp max

Strong positive values ( o 0) indicate that the two parameters
reinforce each other, meamng 1ncreasmg one enhances the effect of the

fapp max

other. Strong negative values ( < 0) suggest that the parameters

Tapp max

compete, so increasing one reduces the effect of the other. If Foy

~0, the paramzeters act independently, with little to no interaction.
For example, % +2 suggest that increasing ¢ increases the
sensitivity of 7, . In 2 mixed-mode model, this is expected. Increasing
the limiting stress of one failure mode results in a shift to the other
failure mode. Therefore, the maximum apparent shear strength 7,5, nax

becomes more sensitive to the failure mode with increasing dominance.

~

4. Conclusion & outlook

This study introduced a new approach for extracting the constitutive
behavior of fiber-matrix interfaces in biocomposites from microdroplet
tests by means of finite element simulations. By systematically varying
both mechanical and geometrical parameters in a high-fidelity model-
ing framework and training surrogate neural networks on the resulting
dataset, we gained detailed insights into parameter sensitivities and
interactions. In particular, the results highlight how strongly geomet-
rical variability in the investigated microdroplet system can affect the
apparent interfacial shear strength for the studied flax—polypropylene
biocomposites, and how the applied traction-separation law with po-
tentially mixed-mode coupling exerts a dominant role—beyond what is
captured by scalar strength measures like the IFSS.

Looking forward, the integration of surrogate models such as ANNs
offers promising potential for inverse identification of interfacial prop-
erties. Provided that sufficiently detailed experimental data becomes
available — including force-displacement responses paired with accu-
rate droplet and fiber geometries — optimization algorithms could be
used to recover reliable parameter sets efficiently. Once trained, such
surrogate models could replace the tedious finite element-based fitting
loop entirely, yielding the essential interface parameters, such as inter-
face strength and fracture energy. In future experimental campaigns,
this would allow researchers to directly back-calculate full interfacial
parameter sets from microdroplet tests—making use of each test to
its full extent and facilitating consistent upscaling to composite-level
predictions. Ongoing research, as detailed in Senk (2025), already
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demonstrates the potential of using these identified laws within com-
posite scale models to accurately predict the non-linear failure behavior
of sustainable biocomposites.
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