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ARTICLE INFO ABSTRACT

Keywords: The prediction of the prevailing self-heat transfer parameters of a glass/epoxy composite coupon during
Bayesian optimization fatigue testing in general and the distinction between viscoelastic- and frictional crack growth-related energy
Glass/epoxy composites fatigue testing dissipation in particular, are not trivial problems. This work investigates the feasibility of predicting the
Thermal properties convective film coefficient, the total work loss as well as the ratio between viscoelastic and fracture-induced
IR imaging damping from thermal images using Bayesian optimization in conjunction with 3D FE thermal analysis. To
this end, glass fiber/epoxy biax coupons are pre-damaged by means of a drop weight impact machine and
subsequently tested under uniaxial tension-tension high cycle fatigue conditions. IR images are taken of the self-
heating thermal profile at steady-state conditions. Synthetic surface thermal images are generated by numerical
thermal analysis of the damage distribution obtained by x-CT scanning prior to testing. Bayesian optimization
of the aforementioned parameters is conducted by minimizing the loss function between the as-measured and
the synthetic IR image. The predicted work-loss is consequently validated against the measured hysteretic

response, from which a very good agreement is found.
1. Introduction fiber [8-10] and carbon-fiber reinforced composites [11-13]. Due to
the low thermal conductivity of the polymer and especially glass fibers,
Despite its significant application to remote structural health moni- fast heat-build up is especially visible for thick laminates where the
toring systems [1-3], passive thermography in composites is finding its generated heat cannot be released efficiently by convection via the
way into fatigue damage characterization during fatigue tests primarily composite surfaces [14,15]. Especially in case of formed defects by
for the purpose of controlling the self-heating core temperature in the impact damage, the resulting hotspot formation and evolution (location
coupons. and severity) can be detected and traced via thermography during

Self-heating phenomena are well known to influence the perfor- fatigue processes [16-19].

mance of composites [4]. The self-heating behaviour of a fiber/polymer
composite material subject to high cycle fatigue is inherently thermody-
namically intertwined with the prevailing fatigue damage mechanism
— figuratively speaking representing two sides of the same medal.
Infrared (IR) thermal images obtained during fatigue tests contain key
information about the current damage state and the rate (stage) of
the damage evolution [5-7]. Experimental thermal imaging is hence of
significant importance for both, experimental and theoretical research,
shedding light on the highly complex fatigue damage mechanisms in
composites.

Thermography is a widely used and established method for fa-
tigue damage and progress detection of composites, both for glass

However, two main issues arise when trying to extract useful in-
formation from IR images: First, the thermal surface profile is among
others, a superposition of heat generated by viscoelastic effects on ma-
terial scale and frictional effects associated with the defect, especially
the crack evolution on meso- and macro scale. Second, the thermal
image is the result of a complex anisotropic 3D heat transfer mechanism
which hardly allows for a direct interpretation of the true damage size
and shape, particularly in the case of sub-surface damage.

Distinguishing viscous dissipation from frictional dissipation and
extracting information of the total work loss and the associated damage
characteristics usually requires the solution of a thermal model and, in
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a narrower sense, the solution to a thermoelastic problem e.g. demon-
strated in the literature [20]. Validating the numerical model predic-
tions against experimental IR imaging requires accurate knowledge of
the in-situ heat transfer boundary conditions pertaining to the heat flux
between the specimen and the grips as well as the convective heat flux
governed by the film coefficient. Particularly the latter has the strongest
influence on the surface temperature profile and simultaneously repre-
sents arguably the most illusive parameter to determine. This becomes
increasingly apposite in thick laminates in which the self-heating occurs
deep inside the material. Laminates are generally designated as ’thick’
when their thickness exceeds 6 mm. This becomes particularly pertinent
when considering applications such as wind energy rotor blades or
tidal blades [21,22]. In these scenarios, the blade tips often boast
thicknesses of around 20 mm, while the rotor blade roots can extend
to typical dimensions of up to several hundred mm [23]. Several
researchers have explored the fatigue behaviour of thick laminates, uti-
lizing thermography methods to gain deeper insights into the material’s
behaviour [24-29].

Defects especially based on impact and fatigue or a combination of
both can have quite complex structure based on cracks, delamination
scattered over the whole volume or only certain parts. Depending on
the thickness, different defect patterns can occur in laminates: thin ones
might exhibit bending cracks over the whole thickness, while thicker
ones can show shear-induced delamination in selected plies due to
higher bending stiffness [30]. It is important to underscore that beyond
laminate thickness, other factors including fiber type, lay-up configu-
ration, and matrix toughness can have a significant influence on defect
formation and propagation. Consequently, the precise determination of
the true nature of defects can be challenging.

Understanding the unknown conditions and impacts of defects,
along with their influence on heat generation and conduction under
various boundary conditions, constitutes a significant area of research.
Multiple approaches have been pursued in this field, including compu-
tational methods [31], Bayesian inference techniques [32], and finite
element algorithms [33] all aimed at solving different kinds of in-
verse heat problems. Recently machine learning techniques evolved,
proven themselves superior in finding optimal parameter and detect-
ing correlations in large and complex data sets without the need of
explicit mathematical models. There exist several instances showcasing
the application of ML models in resolving inverse heat problems and
defect detection [34-38]. Especially the ML technique called Bayesian
Optimization (BO) has proven effective in reducing the time required
to discover optimal parameters in various polymer-related applica-
tions [39-41]. The BO technique is an important statistical tool that can
help optimize multiple parameters aiming at maximizing or minimizing
target properties [42]. For instance, Park et al. [41] have maximized
the toughness of polymer-based composites by optimizing two geo-
metrical parameters used to assemble staggered platelet composite
structures. Chen et al. [43] used BO to perform an efficient screening
of flame retardants for polymer composites. Especially in the case of
time-consuming experiments, employing BO to optimize parameters is
an elegant solution to address sustainability issues, as it avoids many
costly trial-and-error rounds.

One could also optimize parameters leading to desired properties by
means of training an accurate ML model using many samples (or data
points). In this inverse design approach, also called ’high throughput
virtual screening’, the trained ML model performs predictions on a
representative region of the multidimensional space of parameters to
find the best ones leading to the desired target property. For instance,
Albuquerque et al. [42] trained a kernel ridge model using 29 samples
of seven dimensions each and screened a virtual space of about 10°
samples to propose six new samples exhibiting a target property in a
specific range. In the global optimization category, other algorithms
other than BO can also be used, such as the particle swarm opti-
mization or the genetic algorithm. The advantage of BO lies in its
efficiency with limited evaluations, adaptability to differentiable and
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non-differentiable functions, and its robustness to noisy objectives. A
good review on different data-driven optimization techniques has been
recently published [44].

This sets the incentive for this work, whose purpose is to investi-
gate both, the feasibility and accuracy to predict the following three
parameters from experimentally obtained thermal images:

i the equivalent convective film coefficient of the exposed speci-
men surface
ii the total steady state dissipated energy or hysteretic work loss
iii the estimated relative portion of viscoelastic energy dissipation

These parameters play a pivotal role in precisely forecasting the
material’s fatigue life, understanding failure mechanisms, and refining
the material’s design to achieve superior durability and reliability. An
accurate prediction of these parameters enables the distinction between
viscoelastic heat generation and crack growth induced frictional heat
generation ultimately leading to more accurate fatigue life predictions.
To this end, the IR images of two specimens with a predefined damage
subject to fatigue loading are used to predict the optimal parameter set
using BO in conjunction with synthetic thermal images generated by 3D
thermal FEA. To the authors best knowledge, this is the first attempt
to predict the thermal properties of a glass/epoxy composite coupon
subject to fatigue self-heating from IR images using BO, which high-
lights the novelty and significance and the present work. In addition,
this study also contributes to the improvement of the fatigue damage
predictions of thermo-elastic models with applications in structural
health monitoring and in coupon temperature control during fatigue
testing.

2. Materials and methodology
2.1. Specimen preparation and u-CT

The coupons were manufactured from a biaxial glass fiber epoxy
composite material by a resin transfer molding process. A DGEBA epoxy
resin (DER331) with a IPDA/Jeffamine D230 (50%/50%) mixture as
curing agent was used and injected at room temperature. This resin
system is similar to the commonly used resin system RIMR135 +
RIMH134 for wind rotor blade manufacturing. The glass fiber material
was a +45° Biaxial NCF with an areal weight of 600 g/m?. The laminate
was cured and post cured according to the following curing cycle: 80 °C
for 1h and an additional 1h at 140 °C. The laminate had a fiber volume
content of 60 + 2% determined by thermogravimetric analysis.

The rectangular nominal geometry adopted here is shown in Fig. 1
(a), which followed the specifications stipulated in DIN ISO 14129 [45]
with a total length (L) of 250 mm, a width (W) of 25 mm and a thickness
() of 6 mm.

Subsequently to manufacturing, a pre-damage was introduced into
the gauge region by means of a low-velocity drop weight impact
machine CEAST Fractovis Plus using a 20 mm diameter impactor with
a hemispherical tip. The purpose of the pre-damage was to obtain a
clearly defined hotspot location during fatigue testing. Impact energies
of 5J and 10J were applied which resulted in a trombone-shaped
opaque area widening towards the back-side of the coupon whose
dimensions are listed in Table 1. Here, D is the diameter of the opaque
area on the front side and D, the diameter of the opaque area on the
back side. The as-impacted 10J coupon is shown in Fig. 2(a). 5J and
10J impact energies were used to induce adequate damage however
without surpassing a threshold where the damage becomes excessively
significant, preventing the creation of a stable plateau in the material
response during fatigue loading.

The region around the impact was scanned by micro computed
tomography using a phoenix v|tome|xs 240/180 (Baker Hughes Digital
Solutions GmbH, Hiirth, Germany) with a voxel size of 15um. The 3D
microcrack distribution identified in the defect analysis appeared to
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Fig. 1. (a) Geometry of the specimen and (b) schematic depiction of the natural convection conditions with upward velocity field in vicinity of the thin vertical coupon caused
by buoyancy forces of the heated air film in close vicinity of the surface; non-linear temperature gradient between the surface and the ambient air; also indicated the transition
between laminar and turbulent flow depending on the product of the Prandtl and the Grashof number bearing high uncertainty and (c) thermal boundary conditions applied to
the thermal model with internal heat sources and (d) finite element mesh with discretization levels.

Table 1
Thickness and approximate opaque region diameters
obtained from surface inspection of the as-measured

coupons.
Energy t D, D,
J mm mm mm
5 6.4 12 20
10 6.85 13 20

be mostly inter- and intra-laminar delamination preferably occurring
around the actual impact site (see the SI) and was saved as unstructured
triangulated mesh in .stl format. Surprisingly, the opaque impact region
was not resolved in the CT data, which is believed to be caused by
violent obliteration of the material entailing a homogeneous distribu-
tion of microcracks whose characteristic length was smaller than the
voxel size. This way, a sufficient contrast between cracks and intact
material in the X-ray attenuation pattern was largely prevented in the
local impact region.

2.2. Uniaxial high cycle fatigue experiments

After CT scanning, the coupons were tested in a servo-hydraulic
uniaxial testing machine (Schenk, IST 8800/Software Dynmat by BASF
AG, Ludwigshafen) at room temperature, at a constant stress ratio of R
= 0.1 and at a frequency of 5 Hz with a sinusoidal waveform. The cyclic
loading was set to 40 MPa as the upper load level and 4 MPa as the lower
load level. These values were chosen based on previously conducted
static tensile shear tests as they are well below load levels where
interfiber breakage occurs but significant thermal hotspot formation
takes place due to friction in the defect zone. Axial strains in the loading
direction were measured by a tactile clip extensometer attached to the
centre of the gauge zone. A thermal video camera (VarioCAM hd 980 of
InfraTec) was positioned at a distance of 60 cm to the specimen surface.
The frame rate was 30 Hz with a measurement accuracy of +1.5K. Prior
to testing the specimens were sprayed with a Black Matt, Duplicolor
Acrylat coating and the emissivity was set to a value of 1. The entire
test setup is shown in Fig. 3(a).

The hysteretic energy dissipation cf. Fig. 3(b) was obtained from
integrating the measured hysteresis loop of one complete cycle as

follows:

LWt
2

M=

w=f

(5k+1 +Uk) (€k+1 - €k)

1 (@)

ifk=mtheno,, =0 and ¢, =¢

k

f is the test frequency (in Hz), and ¢ in (MPa) and ¢ are the nominal ax-
ial stress and unitless axial engineering strain, respectively. Eq. (1) was
evaluated in the clockwise direction for every consecutive timestamp
belonging to the set forming one complete load cycle.

2.3. Heat source generation for thermal analysis

Fig. 2(b) shows the distribution of the microcrack vertices which
were imported from the u-CT .stl file into a Matlab [46] script. An
impact microcrack cloud comprising of randomly distributed points
inside a through-thickness conical boundary volume defined by D, D,
(see Table 1) was added to the CT-scan data cf. Fig. 2(c). The self-
heating process of the coupon was simulated by a distributed internal
heat source arising from the linear superposition of a viscoelastic and
a frictional contribution.

Considering a constant strain rate in the coupon as a first order ap-
proximation, the viscoelastic portion is equally assumed to be constant
and stipulated as the unitless scalar 5. Conversely, the frictional portion
induced by the microcracks is represented by the point cloud distri-
bution where it is hypothesized that the heat induced in an arbitrary
finite control volume is directly proportional to the number of cracks
contained within. Following this hypothesis, the point cloud in the
analysis domain was binned into equally sized cuboid control volumes
whose dimensions correspond to the finite element size. Fig. 2(d) shows
that the domain was discretized into N = 75 X 13 x 6 = 5850 elements
into which the points have been binned according to the algorithm 1.

Eq. (2) shows the weight calculated for each element depicted in the
colour contour plot of Fig. 2(d). Each unitless weight representing the
intensity of heat influx consists of a viscoelastic part le and a crack
contribution w,.G. In the former, 7 is distributed equally over N and the
latter uses the information of the points per element matrix (n) obtained
from the algorithm 1 normalized against the total number of points k.
Eq. (3) shows that the sum of all weights must be one.

_n 1 n; o)
+ w: —N+( —11) ;
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Fig. 2. (a) As impacted composite coupon with (b) binning the microcracks obtained from x-CT in a cuboid domain (note: gauge length not to scale) and (c) binning the
microcracks from a trombone shape point cloud sampled from a multivariate Gaussian distribution and (d) the resulting contour plots showing the weight distribution in each

element separated for each layer.
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Fig. 3. (a) Tension-tension fatigue test set-up with installed coupon and thermal
camera and (b) generic distribution of the dissipated energy over time where the focus
of this investigation was on steady state (grey hatched region) exhibiting a small and
constant change of the loop size. The inset depicts the numerical method to compute
the hysteretic loss per cycle.

Algorithm 1 Binning algorithm

1: procedure BINNING(A, B, P, n)

2: for i=1 to 75 do

3 for j=1to 13 do

4 fork =1 to 6 do

5 A<X > elem. vertex coord.
6: B~ X1 it k41 > elem. vertex coord.
7 P < Point coord.

8 find idx, > A(1) and P(1) < B(1)

9: find idx, > A(2) and P(2) < B(2)

10: find idx; < A(3) and P(3) > B(3)

11: find idx intersect(idx,, idx,, idx;)

12: end for

13: end for

14: end for
15: return n « P(idx)
16: end procedure

> points per element matrix

3

M=
&
Il

2.4. 3D FEM thermal analysis

Synthetic thermal images associated with the self-heating process
of the pre-damaged specimens were generated by 3D thermal analysis
of the free gauge length measured between the grips (cf. Fig. 4). The
heat transfer model described by the partial differential equation for
anisotropic conductivity and for internal heat generation can be written
as follows:
or 1 ( 0T o°T 02T>

+k —+kzzg

*T _ 2
Tox2 oy

[

4

e
where T is the temperature (in K), x, y, and z are Cartesian coordinates
(in m), k; is the coefficient of thermal conductivity in i direction (in
Wm~! K1), ¢, is the elemental heat influx (in W), ¢, is the specific
heat capacity (in JK~'kg™!), and p is the material density (in kg/m?).
The right hand side source term in Eq. (4) represents the intrinsic heat
generated by the combination of viscoelastic damping and frictional
damping in the impact region with the assumption that the energy is
entirely converted into heat. The distribution and magnitude of heat
generation in each element was reflected in the weights described in
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Table 2
Thermal modelling parameters representing a generic orthotropic
glass/epoxy fiber composite material used for all training images.

L w t P

m m m kg/m?
0.15 0.025 0.006 1992.5
kyy ky, =k, ¢, Ty
W/(mK) W/(mK) J/(kgK) K
0.805 0.374 940.5 293.15

the preceding section such that Eq. (5) holds.
q; = Q w; %)

In Eq. (5), O (in W) is the total internal heat influx and w; is the
elemental unitless weight scalar. The thermal model simulated the
Stage-2 high cycle fatigue regime as indicated in Fig. 3(b). In this stage,
the change of the hysteresis size between cycles is small and the coupon
can be considered in thermal equilibrium at each instance where the IR
image was taken. Therefore, with good approximation, the steady state
solution of the heat transfer problem was considered for the synthetic
thermal image i.e. dT/0t — 0. Eq. (4) was numerically solved in its
weak formulation within the framework of finite element analysis as
described elsewhere [47,48].

2.4.1. Thermal boundary conditions

The contribution of radiative heat transfer « T* was neglected
owing to the low temperature ranges involved. Conductive heat transfer
boundary conditions were considered at both top and bottom end-
surfaces assuming a negligible through-thickness temperature gradient
at the ends. These conditions were modelled by assigning a steady
state temperature corresponding to the surface temperature in the as-
measured IR image. Natural convection occurs between the coupon and
the cooler ambient air which is in contact with the coupon surfaces.
In the thermal model, an averaged film coefficient was adopted such
that the convective surface heat flux (gony, in W/m?) takes the form
deony = 1 (Ty = Ty, ), where i = 1/L /OL h(x)dx. Here, h represents the
average film coefficient for external surfaces (in W/(m?K)), and T, and
T,, are the temperatures (in K) at the surface and in the surrounding
ambient air, respectively.

The literature [49] provides empirical correlations for isothermal
surfaces and some geometrical shapes assuming that the ambient air
remote from the surface has zero velocity, notably
_hL
ki (Tf )
where Nu is the average Nusselt number, k, (in W/(mK)) is the
coefficient of thermal conductivity of air, Gr Pr is the Prandtl-Grashof
number, T, is the temperature of the fluid (air) adjacent to the surface
as indicated in Fig. 1(b) and a and C are empirical constants. This
shows that obtaining the correct film coefficient using empirical ap-
proximations might lead to high levels of uncertainty since the coupon
surface is not isothermal and Gr Pr in the laboratory environment is
hard to determine. However, Eq. (6) has been used to determine the
range of the film coefficient for the Bayesian optimization assuming
laminar flow conditions in the convective film (no active cooling was
used) with a Prandtl-Grashof number range of 1x10* < GrPr < 1x10°
cf. Fig. 1(b). Using a film temperature of (T, + Ty, ) /2 = 36 °C, with the
constants for a vertical plate C = 0.59, a = 0.25 and its equivalent length

L, = 0.15m renders a film coefficient range of 1 < 7 < 20 W/m?K.
Table 2 lists the geometrical and thermal properties and the ambient
temperature consistently adopted for the simulation of the training
cases.

The commercial finite element software package Comsol [50] was

used to solve the thermal model numerically. The Comsol-to-Matlab

=Nu = C(GrPr)® O]
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interface called LiveLink was used to build the thermal model and to
discretize it with 5850 solid eight-noded elements and to read-in the
weights w; (cf. Eq. (2)) from a .txt file and to assign the corresponding
elemental heat influx according to Eq. (5).

2.5. Bayesian optimization (BO)

The Bayesian optimization is a technique used to maximize or
minimize specific target properties based on the corresponding features.
It uses in general a gaussian processes (GP) model as regressor. The GP
model is based on multivariate gaussian distributions, which generates
one gaussian distribution per prediction, so that not only the predicted
target property (or mean) is provided, but also its uncertainty (or
standard deviation). GPs also use a kernel, which is an expression to
quantify the similarity between any two samples. For instance, the
radial basis function kernel is given by

—
k(x,x") = exp (—%) %)

where x and x’ represent input vectors or points in the input space
and / is a hyperparameter that controls the rate at which the similarity
decreases with distance. According to the GP model, samples exhibit-
ing high similarity, as measured by the kernel value involving their
features, also have very similar target properties.

The procedure of suggesting new experiments having maximized
target properties starts with the generation of e.g. three initial random
experiments, where each experiment is fully described by a vector of
features. After these experiments are performed and the corresponding
target property is measured, a (weak) GP model is trained with these
data and sequentially used to perform predictions on a large number
(e.g. 10%) of virtual, randomly generated experiments. For each virtual
experiment, the GP-generated prediction and related uncertainty are
passed through an acquisition function, so that the final utility of all
virtual experiments is computed. The maximum expected utility (EI) ac-
quisition function is commonly used in Bayesian optimization and other
optimization tasks, aiming to balance exploration and exploitation to
efficiently locate the optimal solution in a computationally efficient
manner. The EI function is given by:

(ux) = fxH) = &) - D(Z)+ o(x) - $(Z)
if 6(x) >0 (8)
0, otherwise

El(x) =

where u(x) represents the predictive mean of the GP model at input x,
f(x*) is the best observed function value so far, and ¢ is an exploration-
exploitation trade-off parameter. Note that exploitation occurs when
the value of the predicted target property is more important than its
uncertainty, while exploration happens when the uncertainty is the
dominant factor. @(Z) and ¢(Z) represent the cumulative distribution
function and probability density function, respectively, of the standard
normal distribution evaluated at Z, while o(x) denotes the predictive
standard deviation of the GP model at input x. Z can be calculated by

_ - foh =&

o(x)

V4 (C)]

The virtual experiment with the maximum utility is then chosen
to be performed in the laboratory, so that its corresponding target
property is also measured. The next GP model will then have four
samples and will gradually become more accurate. The BO cycles are
repeated until the target property is high enough or whenever one de-
cides to stop performing new measurements for any reason (e.g., little
material available, high price of materials, long duration required for
each experiment, etc.).

Two other techniques that are somehow related to BO are Active
Learning (AL) and a full exploitation (here called “Greedy”). These two
techniques can start by first training a (GP) model with the current
dataset, then predicting the target property for all samples in a virtual
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dataset. The virtual sample for which the highest uncertainty was
obtained is suggested by AL (Note: AL can also select samples based
on different criteria), which in this case represents a full exploration.
On the other hand, the virtual sample with the highest predicted target
property is suggested by the Greedy technique, therefore representing
a full exploitation. If the target property is being minimized, then the
Greedy technique suggests the parameters (or experiment) with the
smallest target property.

2.6. Data treatment

All thermal images were first scaled to fit a resolution of 43 pixels
(width) by 257 pixels (height) and had their pixel intensities, initially
in the range from 0 to 255, converted to the absolute temperature
scale using the available minimum and maximum temperatures. The
similarity between the experimental and theoretical thermal images
were quantified by the mean squared error loss function:

1 c )
I == E L= 9. 10
0sS§ " [:l(y, i) (10)

where n is the number of pixels in the image, and y; and J; are the true
and predicted temperatures, respectively, for pixel i. The pixels occu-
pied by the extensometer in the experimental images were excluded
from the calculation of the loss function in Eq. (10).

2.7. Minimization of the target property

In this work, we started with few initial random vectors of w, h
and 7, used as features in the dataset. Each such 3D vector corresponds
to a FEM simulation, whose final output is one single thermal image.
The similarity between each FEM image and the experimental one,
as calculated by Eq. (10), was used as target property. BO rounds
were then performed in order to propose new features from a virtual
dataset with 10° samples, potentially exhibiting low target property
(the negative of the target property was actually maximized). The BO
rounds were intercalated either with AL, with the Greedy method or
with a random drawing from the virtual dataset, as this strategy has
been successfully adopted in a previous work [42].

Two distinct Bayesian optimization (BO) processes were conducted:
one for the specimen impacted with 5 J of energy, and a separate one
for the specimen impacted with 10 J of energy.

3. Results and discussion
3.1. Experimental results

Based on micro-computed tomography (u-CT) measurements of the
prepared laminates, 6 mm thick specimens exhibited delamination pri-
marily within individual plies (see the SI). This behaviour is in con-
trast to thinner laminates, in which matrix cracking rather propagates
throughout the volume. The observed behaviour in thick laminates can
be attributed to their reduced flexibility and bending capacity, resulting
in heightened local stress concentrations near the impact zone, ulti-
mately leading to delamination, as shown in literature [30]. Therefore,
a laminate thickness of 6 mm was chosen for subsequent testing due
to the significance of self-heating effects in thicker laminates during
fatigue loading and rather complex defect patterns observed in thin
laminates.

The solid lines in Fig. 4(a-b) show the evolution of the measured
dissipated power of the 5J and 10J test obtained from Eq. (1). The
dissipated power is based on a constant amplitude stress range of
40MPa, which, in a series of pre-trials, rendered a distinct thermal
hotspot while simultaneously avoiding Stage-3 growth. The red marker
shows that the IR images were taken in a steady-state regime, where
the hysteresis loop size was stabilized.

The experimental details related to the static shear tests, impact
results, profilometer set up, and drop mass impact machine are shown
in the SI

Composites Science and Technology 248 (2024) 110439

(a) 25 5J pre-damage impact
® Thermal image

Experimental data

- - - = BO prediction Qh(‘ﬁr
rrrrrrr BO prediction Qaver.

Thermal image

osh JV\N“\f”V\f*MVV\MJ\P’\ ,

Test stopped l
0 . . . . . .
0 0.5 1 1:5 2 255 3 35
Cycles N [-] x10*
(b) 10J pre-damage impact

A

w[W]

Thermal image Test stopped

® Thermal image
Experimental data

- - - = BO prediction Q])(\m
,,,,,,,,, BO prediction Qaver

0 0.5 | 1.5 2 2.5 3
Cycles N [-] x10*

Fig. 4. Dissipated power in Js~! as a function of cycle number and corresponding
optimal synthetic thermal image for (a) the 5J test with n = 0.443, A = 10.4W/m?K,
0 =1.018W and (b) the 10J test with # =0.5, h=20W/m’K, O =2.186 W.

3.2. Thermal analysis results

The synthetic thermal images embedded in Fig. 4(a-b) show the
greyscale surface temperature field (the surface facing the thermal
camera) predicted by the thermal model using the internal heat source
distribution exemplary shown in Fig. 2(d). The synthetic thermal im-
ages are representing the optimized solution for the as-measured IR
image taken at the indicated cycle number.

3.3. Optimized parameters

The evolution of the loss function (Eq. (10)) during the experiments
is shown in Fig. 5 for both the 5J and 10J cases. The blue circles
(BO rounds) gradually decreased the loss function and had in general
smaller losses than the random or AL rounds, as indeed expected, as
the random and AL points are used to improve the model. Note that Y
axis of Fig. 5 uses logarithmic scale, as the second experiment in each
pre-impact condition showed a relatively large loss.

Although the BO approach is well known to maximize or minimize
target properties [42], the Greedy method also provided very small
losses. The best sets of optimized FEM parameters obtained from Fig. 5
are provided in Table 3, which also shows the average value of these
parameters out of the four lowest losses in each pre-impact case.
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Fig. 5. The target property (Loss, Eq. (10)) as a function of the virtual experiment (or
FEM simulation) number for (a) the 10J and (b) the 5] fatigue test. The BO, Greedy
and AL techniques have been described in Section 2.5, while the Random technique is
simply a random selection of one sample from a pool of 10° virtual samples.

The results in Table 3 show that the film coefficient exhibits a high
sensitivity in the self-heating problem of composite coupons and its
influence should be considered in the thermal analysis of IR imag-
ing. The variation of the predicted film coefficient between the two
tests was considerable although the surface roughness and local air-
flow conditions prevailing during the tests were similar. However, the
film coefficient in the investigated cases was found to vary between
10W/m?K to 20W/m?K, which corresponds to a Reynolds number
range of 1x 10® to 1 x 10° representing laminar flow conditions.

The latter are consistent with the laboratory testing conditions
which did not rely on active cooling e.g. ventilators or local air-suction.
Moreover, the predicted film coefficients agree with the range proposed
by Huang et al. [51]. Similar values were used by Ignatova and Sapozh-
nikov et al. in their studies predicting self-heating mechanism of GFRP
under fatigue bending conditions [52,53].

The lowest losses obtained for specimens with 5J and 10J impacts
were experiments #11 (Fig. 5(a) and #7 (Fig. 5(b), respectively. The
artificial (FEM) thermal images originated from these two experiments
are compared with the corresponding experimental images in Fig. 6.
The comparison of the predicted total work loss with the as-measured
values in Table 3 shows that the accuracy achieved for the 10J coupon
was higher than that of the 5J coupon. Given the considerable level
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Table 3

Optimized parameters Q (in W), 4 (in W/m?) and the unitless » at minimal loss and
weighted average of the best four points compared with the measured dissipated power
 (in W) for the 5J and 10J fatigue tests; relative error in %.

Case o] w h n 100(Q - o) /o
5J Best” 1.02 0.66 10.5 0.44 54
5J Avg.” 0.89 0.66 10.1 0.43 35
10J Best® 2.19 2.3 20.0 0.50 -5
10J Avg.d 1.92 2.3 19.3 0.44 -16
Experiment #:
a 11.
b 8,9, 11, 12.
< 7.
45,7,9,10.

of experimental- and modelling uncertainty it can be concluded that
the agreement between the predicted and experimentally obtained
dissipated energy ranges between good and reasonable.

The average viscoelastic dissipation factor predicted by BO is #,req =
0.45, which agrees reasonably well with the measured average experi-
mental dissipation of 7, = 0.42. From this, it can be inferred that in
the presented case, approximately 40%-50% of the total energy was
dissipated by viscoelastic effects.

It is important to note that this estimation relies on the assumption
of uniform viscoelastic dissipation, while neglecting other potential
localized and complementary dissipative mechanisms, including molec-
ular bond breakage and thermoelastic effects, among others. In this
work, this simplification clearly represents a coarse approximation of
the real physics, and further investigations may be required to account
for the intricacies of these additional dissipative mechanisms.

4. Conclusion

It can be concluded from the results that passive thermography
when applied in conjunction with BO and thermal modelling can
provide physically meaningful key parameters mathematically defining
the self-heating PDE problem inside fiber/polymer composite materials
during high cycle fatigue testing. Inferring from the convergence be-
haviour of the predictions, BO can be considered an efficient means
to optimize a multidimensional parameter space in thermal analysis
problems — which in the present case only required 10-13 virtual
experiments (i.e. FEA runs) to achieve an acceptably small loss. The
results show that synthetic thermal images obtained from numerical
thermal analysis can indeed be used for ML as a supplement to real
thermographic images. This represents a major insight and advantage
inasmuch synthetic thermal images can be generated at a fraction of
the cost and time required to obtain experimentally measured thermal
images for training purposes. The determination of the key parameters
within more narrow value ranges through BO will improve the accu-
racy and quality of the synthetic thermal images which consequently
will enhance the ML training process. Furthermore, the proposed BO
technique can provide information encoded in the thermal image which
cannot be obtained by direct measurements otherwise. This holds
particularly true for the film coefficient and for the viscous damping
contribution. To optimize the key parameters, synthetic thermal surface
images were generated through numerical thermal analysis (FEA) using
randomly selected key parameter values from predefined physically
meaningful ranges. BO rounds were performed on the basis of the
synthetic images by iteratively proposing new parameter sets for the
FEA runs whilst minimizing the loss between the synthetic image and
the experimental image. These BO rounds alternated between active
learning, greedy learning, and random drawing strategies, until the loss
reached a stable minimum.

In the sequence of the key parameters defined in the introduction,
the following can be inferred from the results and further explicated:
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Fig. 6. As-measured IR image (left), synthetic thermal image (middle) and loss contours (right) shown for the optimal experiment for (a) the 5J pre-impact coupon and (b) the

10J pre-impact coupon. The scale bars show temperature values in °C.

1. The film coefficient ranges predicted in the investigated cases
correspond to laminar air flow conditions consistent with the
laboratory testing conditions. Furthermore, the predicted coef-
ficient is in reasonable agreement with values reported in the
literature.

2. The agreement between the predicted and measured work loss
for the 5J and the 10J test was good given the significant
experimental and modelling uncertainties.

3. The predicted range for the average viscoelastic dissipation fac-
tor, spanning from 40% to 50%, exhibits a reasonable agreement
with the experimentally measured average dissipation obtained
from benchmark tests on intact coupons.

Future work: The computationally most expensive part of the BO
rounds was the automatic FE-model generation from the heat source
data and solving the thermal problem. Future research effort will be
dedicated to increase the efficiency of the synthetic thermal image
generation through a complimentary ML model. Despite the possibility
to determine more accurate parameter values by finding the abso-
lute minima, this endeavor is considered beyond the scope of this
investigation and will also be addressed in future developments.
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