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Abstract

This study investigates a UDETA-modified polyurethane—-urea (PUU) self-healing coat-
ing for wind turbine blades, focusing on its ability to autonomously repair surface ero-
sion damage under realistic environmental conditions. A multiphysics finite element
model was developed to couple temperature, moisture, and stress effects on crack healing,
and a Gaussian process regression (GPR) model was trained on 35 experimental data
points to predict the mobile fraction and healing thresholds with high accuracy (R? = 0.79,
MAE = 0.059). The diffusion coefficient of water in the PUU matrix was determined as
11.03 x 107 mm?/s, and stress-driven moisture accumulation at crack tips was shown
to accelerate crack healing. Erichsen cupping test simulations were conducted to repro-
duce experimental crack patterns, demonstrating brittle behavior in dehydrated coatings
with a Young’s modulus of 50 MPa and critical principal strains of 0.48. An exponential
healing function was incorporated into the computational model and validated against
experiments, predicting significant crack healing within 24 h of humidity exposure. These
findings provide quantitative design criteria for self-healing coatings, enabling the selection
of UDETA content, thickness, and curing strategies to extend wind turbine blade service
life while reducing maintenance costs.

Keywords: self-healing polymers; crack; coating; FEM; gaussian process regression

1. Introduction

Wind energy plays a vital role in the global shift toward cleaner, more sustainable
energy sources and continues to expand at a rapid pace [1]. One of the main challenges
to keeping renewable energy competitive is the high cost associated with wind turbine
maintenance [2]. Our previous research [2] revealed that minor failures—primarily surface
erosion—are responsible for unplanned repairs at a rate that is 12 times higher than that of
structural failures. Harsh environmental conditions, such as rain, hail, and other airborne
particles, contribute to gradual wear on turbine blades, resulting in leading-edge erosion
(LEE). LEE not only reduces aerodynamic performance and energy production but also
increases maintenance costs and shortens operational lifespans. To address these challenges,
recent advances in material science have introduced self-healing coatings [3] as a novel
solution. These advanced materials are designed to autonomously repair microdamage,
thereby restoring the integrity of the blade surface and prolonging its operational life.

Numerous studies have been conducted to develop advanced leading-edge protection
(LEP) coatings for wind turbine blades [4,5]. LEP coatings can be utilized as liquid applica-
tions, adhesive tapes, or bonded shells [6]. Polymeric protective coatings are typically used
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as top layers to protect the leading edge of approximately one-third of the outer blade from
surface erosion, offering exceptional strength, durability, flexibility, cost-effectiveness, and
ease of fabrication [7]. Polymeric resins, such as polyurethane (PU), epoxy, polyacrylate,
and silicone, are widely used [7]. Considering the advantages of polymeric coatings, the
wind turbine blade uses a multi-layer polymer coating method to address the issue of
leading-edge erosion. An example of a typical LEP system structure is shown in Figure 1.
A putty or filler layer is first applied to the laminate and sanded for surface smoothness [8],
followed by a top coating that acts as the primary protective layer.
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Figure 1. Typical structure of the leading-edge protection (LEP) system for wind blades.

Among various polymeric materials, polyurethane—urea (PUU) self-healing polymers
have gained significant attention [9-12] due to their versatility, tunable mechanical proper-
ties, and ability to integrate dynamic bonds for autonomous repair. Depending on their
inherent self-healing mechanisms [13,14], self-healing materials can be classified as extrinsic
or intrinsic. Extrinsic self-healing materials, also referred to as autonomous self-healing
materials, rely on pre-filled healing agents encapsulated within containers embedded in
the matrix to facilitate damage repair [15-18]. In contrast, intrinsic self-healing materi-
als [19,20] rely on their own chemical bonds to reform when exposed to external stimuli.
However, extrinsic self-healing materials, typically implemented through capsule-based
or vascular systems, exhibit only one single healing occurrence per capsule [21]. In con-
trast, intrinsic self-healing materials are designed with built-in repair abilities that function
without external agents, allowing for multiple healing cycles [22,23]. Intrinsic self-healing
in PUU polymer materials can be achieved through the integration of dynamic covalent
bonds (disulfide bonds [24] and Diels—Alder reactions [25]) or by utilizing non-covalent
interactions (metal-ligand coordination, ionic interactions, and hydrogen bonding). In
intrinsically self-healing PUU polymers, moisture can be effectively used as a plasticizer,
specifically through 1-(2-aminoethyl) imidazolidinone (UDETA), which introduces a unique
hydrogen-bonding nature essential to the self-healing mechanism. Polymers with higher
UDETA content exhibit better water absorption and self-healing performance [26]. By
leveraging supramolecular forces and hydrogen-bonding interactions, the UDETA-based
PUU polymers achieve autonomous self-healing, making them promising candidates for
applications in humid environments.

Various computational techniques have been developed to investigate self-healing
materials. Molecular dynamics (MD) and density functional theory (DFT) atomistic simula-
tions [27-31] allow for in-depth examination of reversible bond dynamics and molecular
interactions pertinent to healing processes. Mesoscale approaches such as coarse-grained
MD [32,33] and Monte Carlo methods [34] are employed to study diffusion processes
and phase behavior in polymer systems. At the macroscale, finite element methods
(FEMs) [35,36] are used to simulate mechanical damage, stress distribution, and heal-
ing kinetics in structural composites. However, each method has its limitations—atomistic
simulations are computationally intensive for large systems, whereas mesoscale models
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may oversimplify chemical details. In intrinsic self-healing polymers, healing arises from
reversible covalent or non-covalent interactions activated by environmental stimuli. FEM
stands out for its ability to integrate thermal, mechanical, and moisture-driven effects
into a unified framework. This enables the simulation of damage evolution and recovery
under service-relevant conditions, making it a powerful predictive tool for evaluating and
optimizing healing performance in coatings such as polyurethane—urea systems.

In this study, based on previous experimental data [26,37], predictive models using
nonlinear interpolation and Gaussian process regression are first developed to estimate
the critical conditions for healing, facilitating the evaluation and design of new material
formulations under various environmental conditions. Furthermore, a multiphysics finite
element model is developed to simulate the interplay of temperature, moisture, and stress
in UDETA-based PUU coatings with a single crack. A damage-healing model is also devel-
oped to assess the autonomous crack-repair capability of coatings in humid environments,
and its predictions are validated through Erichsen cupping tests. This computational
framework provides a comprehensive understanding of the moisture-triggered self-healing
mechanism, enabling optimization for real-world applications.

2. Materials

The synthesis path of the UDETA-based PUU is presented in Figure 2a. The detailed
synthesis and characterization of self-healing polymers have been reported in our previous
work [26] and will not be repeated here.
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Figure 2. (a) Self-healing mechanism and (b) synthesis of UDETA-based PUU coatings.

The self-healing capability of the UDETA-based PUU material is intrinsically driven
by the incorporation of UDETA as a chain-terminating agent. UDETA plays a dual role—it
contributes to the formation of a dynamic hydrogen-bonding network and enhances the
material’s responsiveness to environmental moisture. The healing process is facilitated by
the reversible disruption and reformation of hydrogen bonds within the polymer matrix, a
mechanism that is significantly influenced by the uptake of water, as illustrated in Figure 2b.

Unlike temperature-responsive polymers, in which dynamic hydrogen bonds re-
versibly form and dissociate with temperature changes [38], moisture acts as a plasticizer
in UDETA-based self-healing polymers by temporarily disrupting hydrogen-bond inter-
actions, leading to a reduction in both the glass transition temperature and hardness [37].
This softening effect allows for increased molecular mobility, enabling the polymer chains
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to reorganize and close microcracks or scratches. Upon drying, the hydrogen bonds are
re-established, restoring the mechanical integrity of the coating. This reversible modulation
of the thermomechanical properties underpins the intrinsic self-healing capability of the
UDETA-based PUU polymers.

Our previous experimental work [37] demonstrated that no self-healing occurred
in the absence of moisture. The critical healing conditions indicated that healing occurs
only when

M > Mihreshold 1

where M is the mobile fraction and Myreshold is the critical mobile fraction, reported to be
between 0.59 and 0.68 [37] for effective healing. At high relative humidity, self-healing can
occur at room temperature; however, under low-moisture conditions or with low UDETA
content, the temperature must exceed the glass transition temperature (Tg) to activate
sufficient molecular mobility for healing [37]. The reader is referred to Refs. [26,37] for
detailed molecular-level experimental results.

3. Methodology
3.1. Prediction of Mobile Fraction by Gaussian Process Regression

From experimental data presented in Figure 9 of Ref. [37], the mobile fraction (MF)
depends on its governing parameters or inputs—temperature, UDETA content, and relative
humidity in a complex, not easily separable way, which is difficult to model explicitly by
simple expressions. Rather than seeking an analytical understanding of this dependence,
one can describe it through existing data and observations. Interpolation and regression
techniques [39] allow for a continuous function representation by filling gaps between data
points, which can then be used in future research.

In this study, a Gaussian process regression (GPR) machine learning method [40] is
employed to develop a predictive model of mobile fraction for the coating material. GPR is
a non-parametric Bayesian approach that provides a probabilistic framework for regression
tasks, which is known for its flexibility and ability to model complex relationships while
also providing uncertainty estimates, making it suitable for situations with limited data
where overfitting is a major concern [41]. The details of the GPR model used can be found
in Appendix A.

The GPR model was implemented in Python 3.9.12 using scikit-learn 1.1.3[42],
with feature engineering. The implementation is based on Algorithm 2.1 of [40]. Through
simulation, the optimal input features are [T, U, RH, T x RH, U x RH]. Figure 3b shows the
flowchart of the GPR algorithm. First, LOOCYV is used to choose the optimal data features
for inputs and evaluate the performance of the selected model. Then, the GPR model is
trained on the full dataset to obtain the final model for the prediction of new inputs. With
this model, the mobile fraction of the coating material with new UDETA content under
new temperature and relative humidity can be estimated.

The GPR model provides predictions of the mean mobile fraction along with un-
certainty quantification. In our study, the model achieved strong LOOCYV performance
metrics—R? = 0.79, MSE = 0.0059, and MAE = 0.059—indicating good predictive capa-
bility for experimental design optimization. A comparison between the predicted mobile
fraction and experimental data across varying UDETA content, temperature, and relative
humidity is presented in Table Al in Appendix A.
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Figure 3. (a) Leave-one-out cross-validation (LOOCYV). (b) Gaussian process regression (GPR) algo-
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rithm for mobile fraction prediction.

3.2. Single-Crack Model

In order to investigate the interplay of temperature, moisture, and stress in the presence
of cracks in the coating material, a two-dimensional multiphysics model with a single crack
was developed. Both thermal stress and stress-driven diffusion are considered in the finite
element model.

3.2.1. Temperature Effects

For temperature effects, a fully coupled thermal-stress analysis with transient response
was conducted to simultaneously solve for the temperature distribution and the associated
stress and displacement fields. During both the heating and cooling phases, surface
thermal radiation was taken into account. The net radiative heat flux from the surface to
the surroundings, denoted by 4/ ,, is determined using the Stefan-Boltzmann law [43]:

q;/ad = ng(T(TSAL - T;Iur) (2)

where Ts and Tsy, denote ambient temperature and surface temperature, respectively. €.,
denotes thermal emissivity. ¢ is the Stefan-Boltzmann constant, ¢ = 5.67 x 1078 W/(m? .K*).
€0m is the thermal emissivity.

3.2.2. Moisture Effects

Moisture transport within materials can be described by Fick’s second law [44], which
models the time-dependent diffusion behavior in terms of concentration gradients. In its
one-dimensional form, the equation is given by the following;:

aC 92C

o Poz ®)

where D denotes the diffusion coefficient, C represents moisture concentration, x is the
spatial coordinate in the diffusion direction, and ¢ is time.

The general mass diffusion framework extends Fick’s law by accounting for spatially
varying solubility and incorporates additional driving forces such as temperature and
pressure gradients. The conservation of mass for the diffusing phase leads to the general
governing equation:

@dv+/n-1ds:o @)
v dt S
where V is an arbitrary control volume bounded by surface S, c is the mass concentration

of the diffusing material, n is the unit outward normal to S, J is the mass flux vector, and
n - J is the outward flux through the surface S.
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In this generalized model, diffusion is driven by gradients in the chemical potential,
and the flux J is expressed as follows:

J=—-sD- g—i—i-xs%(ln(()—Gz))—i—Kpg—z )
where ¢ is the normalized concentration, with s being the solubility of the base material,
and D the diffusivity. The term «; is the coefficient associated with the Soret effect, which
accounts for thermal diffusion, while 6 is the temperature, and 6* denotes absolute zero
(=273 °C). The coefficient x, accounts for stress-driven diffusion, with the equivalent
pressure stress defined as p = —trace(c)/3.

Stress-assisted diffusion accounts for the influence of mechanical stress on mass
transport. This effect is incorporated by defining the pressure stress factor x,, which
quantifies the sensitivity of diffusion to gradients in mechanical pressure. The parameter
Kp is defined as follows:

= g N ©
where R = 8.31432]mol ! K™, V} is the partial molar volume of water in a PUU-based
polymer coating, which was estimated to be 18 cm®/mol [45], ¢ is the normalized concen-
tration, 6 is the current temperature, and 6* denotes absolute zero temperature.

The sequentially coupled mass diffusion procedure involves two main steps—a static
stress analysis is performed first, followed by a mass diffusion analysis. In the initial step,
the equivalent pressure stresses are computed and stored as nodal-averaged values in the
results file. These stored pressure values are then accessed during the subsequent mass
diffusion step, where they serve as a driving force, contributing to stress-assisted diffusion.

Equivalent pressure stress as a predefined field can be applied in a mass diffusion
analysis, but it is not supported in Abaqus/CAE. *PRESSURE STRESS, FILE=filename
should be added to the model keywords to specify a predefined equivalent pressure
stress field.

3.3. Damage Model for Dehydrated Coating

In this section, a damage model is developed to simulate the mechanical behavior of
the UDETA-based PUU coating sample during the Erichsen cupping test. PUU polymers
exhibit hyperelasticity at standard room humidity. The polymer coatings used for the
cupping test were dehydrated by drying them in a vacuum oven for at least 24 h at a
pressure of 1-10 mbar. This drying procedure ensured that the films were free of moisture
before subsequent testing. During this procedure, the samples became brittle, and brittle
cracks were observed in the Erichsen cupping test [26]. Consequently, the coating is
assumed to be a brittle material in the computational model.

Damage initiation in the coating is determined using the maximum strain criterion. For
modeling damage progression, an exponential softening law is applied. The corresponding
damage variable D for the brittle coating material is defined as follows [46]:

D) =1~ Lewp (- E e ), ?
€ Ge
where the scalar variable D denotes the damage variable, which quantifies the extent
of mechanical degradation and ranges from 0 (undamaged) to 1 (fully damaged). The
equivalent elastic strain ¢ is defined as the maximum principal elastic strain during the
loading history, which is max(ej, €3, €3) for three-dimensional cases. G is the fracture
energy, o is the critical strain threshold for damage initiation, E is Young’s modulus, and
h. denotes the characteristic element length in the damage zone. If the strain £ remains
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below ¢y, the coating is considered undamaged. However, once ¢ > ¢y, damage initiates
and progresses according to the specified evolution law.

3.4. Self-Healing Kinetics of UDETA-Based PUU Polymers

From the experiment [37], the damage variable (D®P) is defined as a normalized
damage area:
A(t)
DoXP () = 2\
=" ®
where A(t) denotes the damaged area at time f, and A is the initial damaged area.

The time evolution of the damage variable is illustrated in Figure Al. The healing
behavior of the damage variable D®P over time follows an exponential decay, which can
be expressed by the following:

D®P(t) = DgPe * + DOP €)
where DSXP is the initial normalized damage area D®P(t = 0). D5 ¥ is a scaling factor. k is
the healing rate constant dependent on room humidity, UDETA content, and temperature.
DSXP , k, and Dre:}; are fitted to experimental data.

4. Results and Discussion
4.1. Single-Crack Model

As presented in Figure 4a, a two-dimensional finite element model containing a
single surface crack is established. Meshes are refined around the crack tip to capture
the concentration effects. The dimension of the substrate is 2 mm x 2 mm with a crack
depth of 1 mm. According to [26], the room temperature and the ambient temperature are
23 ° C and 75 ° C, respectively. The coating has a Young’s modulus of 5 MPa [47], a
Poisson’s ratio of 0.41 [48], and a density of 1100 kg/ m? [49]. In the thermomechanical
model, the thermal emissivity (e.;;) on the boundaries was set equal to emax = 0.9, and the
thermal emissivity along the crack depth was assumed to change linearly with the distance
to the top surface from zero to emay, as shown in Figure 4b.

(a) (b) 0.5 mm

—_
D Top surface

D: Depth of crack

Thermal emissivity

Emax

Figure 4. Coupled thermal-stress model of a single crack: (a) mesh distribution. (b) Thermal
emissivity along the crack surface.

4.1.1. Interplay of Temperature and Thermal Stress

A fully coupled thermal-stress procedure was performed to analyze temperature
and thermal stress simultaneously. Figure 5 demonstrates the temperature history of the
three different locations of the single-crack model (top, crack tip, and bottom). In addition,
thermal maps of the single-crack model at f = 5 min and t = 15 min are presented.
Through thermal radiation, the temperature increases from room temperature to ambient
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temperature in about 45 min. It can be seen that the temperature gradient across the
thickness is negligible due to the small thickness of the coating and, thus, can be ignored in
the following simulation.

It is widely known that thermal stress occurs when a material undergoes a temperature
change by heating or cooling, but is constrained from freely expanding or contracting,
which leads to internal forces and stress within the material. Figure 6 presents the von
Mises stress distribution in the single-crack model at different times. In the early stages,
stress concentration occurs around the tip of the crack. As time progresses, the stress
singularity at the crack tip diminishes, while stresses increase close to the boundary area
due to boundary constraints.

80
| 1 mm L
/"
70 + T(°C)
62.9
62.9
) B
.60 / =
62.6
o a2
62.4
gs0t &
s 62.2
[9) 3 T (°C)
E ¢ 43.3
(] 40 "N gi
-
30l @ Top
51 D [ Crack tip
PR - - - - Bottom
41.7
20 1 1 1 1
0 10 20 30 40 50 60

Time [min]

Figure 5. Temperature history and distribution in the single-crack model.

(a) (b) (©) ()] (Unit: MPa)
S, Mises S, Mises S, Mises S, Mises
(Avg: 75%) (Avg: 75%) (Avg: 75%) (Avg: 75%)
0.02 0.03 0.03 X
0.02 0.03 0.03 X
0.02 0 0.03
0.01 0 0.03
0.01 0.03
0.01 02 NS 0.03
0.01 ] 0.02
0.01 0.02
0.01 0.02
0.01 0,02
0.00 0.02
0.00 0.02
0.00 0.02
0.5 mm . — . — s = .
— t=10.8 min t=5.0 min t=7.0 min t=37.8 min (stable state)

Figure 6. von Mises stress distribution in the single-crack model at: (a) ¢ = 0.8 min; (b) ¢ = 5.0 min;
(c) t = 7.0 min; (d) t = 37.8 min.

4.1.2. Influence of Pressure Stress on Moisture Distribution

In the mass diffusion model, the stress distribution obtained from thermomechanical
analysis, as shown in Figure 6, is applied to the single-crack model as predefined pressure
stress. The highest relative humidity, 73% RH, is considered. The stress factor x, can be
calculated by Equation (6). The diffusion coefficient of water in the coating material is

11.03 x 107 mmi{s [50]. _ _ N
Since ABAQUS utilizes mass concentration for the input of the boundary condition, the

relative humidity of the surrounding environment should be converted to moisture content
(mass concentration) in parts per million (ppm), which can be derived by the following:

= s 100 (10)

where c,; denotes mass concentration in ppm; Ry Psat denotes the actual vapor pressure;
Ry is relative humidity; and Ps,¢ is the saturation vapor pressure at a given temperature.
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At standard atmospheric conditions, the total pressure Pyt is 101.325 kPa. The saturation
vapor pressure of water can be achieved via the Antoine equation [51]:

B
log y(Psat) = A — —— 11
glo( sat) T+C (11)
where Pgy¢ is in mmHg, T is the temperature in degrees Celsius, and A, B, and C are
constants. For water [52], A = 7.79375, B = 1576.129, C = 220.56868. Py,; for 75 °C is
approximately 38.56 kPa. Thus, the mass concentration ¢, = 2.778 x 10° ppm is applied at
the top of the single-crack model.

A steady-state mass diffusion procedure is performed. Figure 7 demonstrates the
mass concentration of water in the coating at different times. In the beginning, the mass
concentration around the crack tip is higher than in the surrounding area, which results
from the stress concentration at the crack tip. As time progresses, the high mass concentra-
tion around the crack disappears as the stress rises close to the boundary area. The results
indicate that the mass concentration distribution is strongly correlated to the stress field, as
shown in Figure 6.

In order to compare the mass concentration distribution at different times, the mass
concentration is normalized between 0 and 1. Figure 8 presents the normalized concen-
trations ahead of the crack tip for all four cases in Figure 7. A similar distribution can
be observed in the crack tip region. Consequently, stressed regions are more prone to
moisture concentration.

(a) (b) (c) (d)
CONC CONC CONC CONC
(Avg: 75%. (Avg: 75%) (Avg: 75%) (Avg: 75%)
27793 55573
27792 55572
55571
55570
55569
55567
55566

55565
55564

27779
0.5 mm
—

55559 138866

277688

Step time =0.1s Step time =0.2 s Step time = 0.5 s Step time=1.0's

Figure 7. Water mass concentration distribution in the single-crack model at: (a) Step time = 0.1 s;
(b) Step time = 0.2 s; (c) Step time = 0.5 s; (d) Step time = 1.0 s.
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Figure 8. Water normalized concentration distribution ahead of the crack tip.
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4.2. Damage Model of the Self-Healing Coating

The Erichsen cupping test conducted by Wittmer et al. [26] (as illustrated in Figure 9)
was modeled using ABAQUS software. The Erichsen cupping test typically operates at
low speed, which is regarded as a quasi-static process in the computational model [53,54].
However, in this study, the dried coating exhibits brittleness, which can lead to a dynamic
response upon brittle damage. The experiment [26] clearly indicated that brittle damage
occurred in the coating layer. In order to capture the dynamic damage evolution, an explicit
dynamic solver was utilized to simulate the Erichsen cupping test with a step time of 0.1 s.

. ) 55mm .
e ) 27 mm o
!
: Die
Coating : <
i
Aluminum — Punch
sheet
™ Holder

& 20mm

@33mm

Figure 9. Schematic diagram of Erichsen cupping test.

The geometry and mesh distribution of the finite element model are demonstrated in
Figure 10. The aluminum [55] has a Young’s modulus of 70 GPa, a Poisson’s ratio of 0.33,
and a density of 2700 kg/m?3. According to [56], the elastic modulus increases significantly
during dehydration. The Young’s modulus of the dried coating is determined to be 10 times
that of the normal coating used in Section 4.1, which corresponds to 50 MPa in this case. The
thickness of the coating used in the experiment is 60 um, and the thickness of the aluminum
sheet is 0.25 mm. Due to the symmetry of the geometry, only a quarter of the sample is
established as cylinders with a diameter of 75 mm. Symmetrical boundary conditions are
applied to both sides of the specimen.

To balance efficiency and accuracy, the sample was meshed using C3D8R elements
with a global mesh size of 0.25 mm. The model consists of a total of 44,286 elements.
The total time period was set to 0.1 s to keep the loading rate closer to the conditions of
the actual experimental setup. The nonlinear effects of large deformations were taken
into account. The die and punch are modeled as analytical rigid surfaces with resolution,
which may result in reduced computational time because of the intrinsic two-dimensional
descriptions of the analytical surfaces. The degrees of freedom of the rigid bodies are
connected to the rigid body reference nodes. A displacement of 1.7 mm was applied to the
punch in the y direction, increasing linearly with time. The simulation was performed on a
computing cluster using a single node with 16 CPUs.
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Die
(rigid body)

Symmetry
(U1=UR2=UR3=0)

X Specimen Punch

(rigid body) Symmetry

(U3=UR1=UR2=0)

Figure 10. Finite element model of Erichsen cupping test.

The simulated results of maximum principal strain and von Mises stress in the coating
material are shown in Figure 11 and Figure 12, respectively. The onset of damage was
determined by comparing the maximum principal strain with the critical strain. As shown
in Figure 11, the maximum principal strain reaches 0.48 within 0.1 s during the simulation,

corresponding to a strain rate of 4.8 s~1.

Due to the loading position, the maximum
principal strain initially reaches its highest value in the center. As the simulation progresses,
dynamic stress waves propagate and interact with reflected waves from the boundaries,
resulting in a ring of stress concentration at a certain distance from the center. It can also be

observed that both the strain and stress distributions exhibit a radial pattern.
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Figure 11. Maximum principal strain distribution in the coating layer after Erichsen cupping test at:
(@t =0.01s; (b)t =0.025s; (c) t =0.0045s; (d) t = 0.1 s.
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Figure 12. von Mises stress distribution in the coating layer after the Erichsen cupping test at:
(@t =0.01s; (b)t =0.025s; (c) t =0.0045s; (d) t = 0.1 s.

Figure 13 shows the damage evolution in the coating layer and the experimentally
observed damage pattern reported by Wittmer et al. [26]. The damage variable D defined in
Equation (7) is used to quantify the extent of damage, where a value of 0 indicates an intact,
undamaged state, and a value of 1 represents complete damage or failure. The damage
initiates at the center of the sample, accumulates in a circular pattern at a certain distance
from the center, and subsequently propagates radially outward. The final damage pattern
aligns well with the experimental observation.
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Figure 13. Damage evolution in the coating layer compared with experimental results: (a—e) Simula-
tion results of damage evolution at different times; (f) Experimental result of final damage pattern [26].

4.3. Healing Model of the Self-Healing Coating

In this section, we establish a direct relationship between the damage variable defined
by stiffness degradation, D, and the damage variable defined by normalized damage
area, D®P, as given in Equations (7) and (8), respectively. The exponential decay function,
as given in Equation (9), is used in the computational model to characterize the healing
evolution of the damage variable D. The healing process of damage in the coating material
is demonstrated in Figure 14. Both the experimental results and the computational model
demonstrate that healing progresses from the outer regions to the interior. Therefore, it
is feasible to relate the evolution of the normalized damage area to the evolution of the
stiffness degradation damage variable.

This healing behavior can be attributed to two primary factors. First, the initial damage
in the outer region is generally less severe than that in the interior, which allows for faster
healing. Second, according to the single-crack model, the moisture concentration is higher
around crack tips, which enhances the healing process in those regions.

(b) Damage Variable
(Avg: 75%)

Figure 14. (a) Self-healing of radial cracks in 34 mol% UDETA coating induced by Erichsen cupping at
23 °C and 50% RH (adapted from Wittmer et al. [26]). (b) Self-healing of cracks in the computational
model (crack healing progression from outer region to inside (left to right)).

5. Conclusions and Future Work

In this study, we investigate a self-healing PUU polymer coating modified with UDETA
through mathematical modeling and simulation. This coating leverages dynamic hydrogen
bonding to enable autonomous crack repair under humid conditions. A Gaussian process
regression (GPR) model is trained on 35 experimental data points (R% = 0.79, MAE = 0.059)
to quantify critical healing parameters. In addition, a multiphysics finite element model is
developed to study the interplay of temperature, moisture, and stress in the presence of a
single crack, aiming to better understand the healing mechanism. Our results reveal that
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the temperature gradient across the coating thickness is negligible due to its small thickness.
Initially, stress concentrations occur around the crack tip, but over time, the stress singularity
diminishes, while stresses increase near the boundary due to mechanical constraints. We
also find that the mass concentration distribution within the coating is closely related
to the stress field, with stressed regions showing a tendency to accumulate moisture. In
addition, a damage and healing model was developed and validated with Erichsen cupping
tests. We have established a direct relationship between the damage variable defined by
the normalized damaged area and by stiffness degradation, which demonstrates good
agreement with experimental data. Simulations revealed that stress-assisted moisture
diffusion accelerates crack-tip hydration, while Erichsen cupping test models demonstrated
brittle failure at a Young’s modulus of 50 MPa and a critical strain of 0.48. Incorporating
an exponential decay function into the healing model accurately predicted >80% crack
closure within 24 h at 50% relative humidity. By integrating experimental validation with
computational modeling, this work presents a comprehensive framework for designing
next-generation self-healing coating materials for wind turbine blades.

This work contributes novel insights into moisture-mediated self-healing mechanisms
by linking supramolecular hydrogen-bonding interactions to macroscopic stiffness re-
covery and demonstrating that stress-assisted diffusion accelerates healing kinetics. The
integration of machine learning with nonlinear interpolation allows the prediction of
healing-relevant parameters over a wide environmental range, offering a robust pathway
for tailoring coating formulations. These findings enable the systematic selection of UDETA
content, coating thickness, and curing strategies to deliver coatings capable of restoring me-
chanical integrity multiple times over a turbine blade’s lifecycle, thus reducing maintenance
interventions and extending service life. While this study is motivated by wind energy
applications, the modeling framework is broadly applicable to other polyurethane- and
polyurea—urethane-based coatings. The approach can therefore be extended to various in-
dustrial applications, including corrosion protection, waterproofing, and high-performance
surfaces such as pipelines, storage tanks, marine hulls, and automotive components.

Future work should focus on scaling the self-healing model to full-blade geometries
and validating its performance under cyclic rain erosion and UV exposure, which would
support the selection of optimal materials and enable industry adoption of self-healing
protective coatings to extend blade lifetimes.
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Appendix A. Predicted Mobile Fraction Using the GPR Model
In GPR, we use a combined kernel function, k, which is defined as follows:
k = krpr + kwhite (A1)

where kgpr denotes the radial basis function (RBF) kernel and ke denotes the white
noise kernel.

The RBF kernel (or the Gaussian kernel) is one of the most commonly employed kernel
functions used in machine learning [57]. It measures the similarity between two data points
based on their Euclidean distance in a high-dimensional space. The RBF kernel projects
data into an infinite-dimensional feature space, enabling non-linear modeling in algorithms.
The equation of the RBF kernel is as follows:

C1fx-x

/112
kRBF = exp( ZEZH) (AZ)

where ¢ > 0 is the characteristic length scale, determining how quickly correlations decay
with distance between inputs. ||x — x/||? represents the Euclidean distance between the
input vectors x and x'.

In addition, the white noise kernel describes independent, identically distributed noise
that is introduced in the Gaussian process distribution:

kwhite = 00 (A3)

where 6 denotes the Kronecker delta, which evaluates to 1 when x = x’ and to 0 otherwise,
and ¢? represents the variance of the noise, often referred to as the noise level.

The combined kernel k(x, x") incorporates both smooth functional behavior and obser-
vation noise.

Appendix A.1. Feature Engineering

In addition to the original input variables—temperature (T), UDETA content (U),
and relative humidity (RH)—we also consider their synergistic effects by including inter-
action terms such as T x RH (thermal-humidity synergy) and U x RH (hydrophilicity
dependence). To enhance model interpretability and performance, raw input features were
transformed based on principles from polymer physics. Specifically, the inverse absolute
temperature, 1/(T + 273), was used to account for Arrhenius-type temperature dependence.
A quadratic term of UDETA content, U?, was included to capture potential nonmonotonic
effects. Additionally, a Langmuir-type transformation, RH/(1 + RH), was applied to rela-
tive humidity to reflect adsorption behavior. The code performs feature standardization
using the StandardScaler, which normalizes numerical input features by subtracting the
mean and dividing by the standard deviation, resulting in features with a mean of zero
and a standard deviation of one.

Appendix A.2. Model Validation

There are only 35 measured data points in previous experiments [37]. Consequently,
leave-one-out cross-validation (LOOCV) can be used to evaluate the selected GPR model
and to identify the optimal data features, as illustrated in Figure 3. As shown in Figure 3a,
LOOCYV is a specific form of k-fold cross-validation where the number of folds k is equal
to the total number of data points N. Each iteration of LOOCYV involves training the GPR
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model on N — 1 data points and testing it on the single data point left out. This process
is repeated N times so that each data point is used once as the test set. The advantage of
LOOCYV, especially in cases with limited data such as this study, lies in its ability to provide
an unbiased estimate of the model’s generalization performance while maximizing the use
of training data in each fold [58].

The following metrics are used to evaluate the performance of the model: mean
squared error (MSE), mean absolute error (MAE), and the coefficient of determination (R?):

1

MSE =~} (vi = 9:)? (A4)
j = .

MAE = P Zizl ‘yz _]/i| (A5)
n L 0)\2

Rzzli Zi:l(yl yl) (A6)

i (i —9)?

where n denotes the total number of observations, y; denotes the true value of the i-th data
point, §; denotes the corresponding predicted value, and i/ represents the average of the
observed values, computed as i = % Y vi

The coefficient of determination, denoted as R? [59], takes values between 0 and 1. A
value of R? close to 1 implies that the input features explain a large portion of the variance
in the response variable, whereas a value near 0 indicates that the model captures very
little of the observed variability.

Table Al. Experimental and predicted mobile fractions of UDETA-based PUU coatings.

No. Temperature Amount of UDETA RH Mobile Fraction
O (mol%) (%) Experiment Predicted
1 40 0 0 0.000 0.088 £ 0.160
2 40 11 0 0.144 0.141+0.153
3 40 22 0 0.207 0.223 +0.154
4 40 34 0 0.322 0.294 +0.168
5 40 0 36 0.102 0.143 +0.151
6 40 11 36 0.298 0.238 +0.145
7 40 22 36 0.330 0.352 +0.147
8 40 34 36 0.378 0.478 £0.148
9 40 0 73 0.216 0.209 +0.165
10 40 11 73 0.304 0.359 £ 0.152
11 40 22 73 0.635 0.443 +0.140
12 40 34 73 0.609 0.620 +0.173
13 75 0 0 0.001 0.193 +0.140
14 75 6 0 0.298 0.180 +0.145
15 75 11 0 0.320 0.222 +0.145
16 75 22 0 0.313 0.311+0.151
17 75 34 0 0.369 0.405 +0.163
18 75 0 18 0.049 0.207 +£0.137
19 75 6 18 0.324 0.233 £0.142
20 75 11 18 0.348 0.278 +0.143
21 75 34 18 0.539 0.457 £ 0.151
22 75 0 36 0.289 0.217 £0.144
23 75 6 36 0.323 0.280 +0.143
24 75 11 36 0.342 0.330 £ 0.144
25 75 22 36 0.361 0.442 +0.141
26 75 34 36 0.482 0.556 +0.147
27 75 0 63 0.251 0.277 £0.151
28 75 6 63 0.378 0.340 +0.146
29 75 11 63 0.400 0.401+0.146
30 75 34 63 0.692 0.640 +0.156
31 75 0 73 0.284 0.293 £0.157
32 75 6 73 0.340 0.369 +0.150
33 75 11 73 0.366 0.433 £ 0.147
34 75 22 73 0.590 0.549 +0.150

35 75 34 73 0.653 0.702 £0.166
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Appendix B. Self-Healing Kinetics of UDETA-Based PUU Polymers
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Figure A1. Fit of damage evolution in the PUU coating with 34 mol% UDETA during the healing
process at 23 °C [37].
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