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ABSTRACT

This study experimentally investigated the discrete phase contributions of fibers and entrapped air on the attenuation spectrum

of a fiber-filled thermoplastic composite and derives a mathematical expression for sound attenuation in this heterogeneous ma-

terial. The frequency-domain attenuation spectrum found with a parts inspection system using ultrasonic guided waves showed

two notable spectral fingerprint regions, each corresponding to different material features of the composite. The first region

(250-310kHz) displayed significant sensitivity to the porosity and fiber content in the test specimens, with these two material

features found to influence the symmetric S1 dispersion mode phase velocity. An expression describing the attenuation spectrum

in this region was developed for the heterogeneous material with the aid of genetic programming algorithms to describe its de-

pendencies on entrapped air and fiber content. Attenuation displayed a linear relationship with frequency in the second region

(310-500kHz), resembling the dampening nature seen with homogenous dispersive materials. A simpler mathematical expres-

sion was proposed for this region showing only dependency on whether short glass fibers or carbon fibers were present. The two

expressions together capture the ultrasound dampening dominated by material features in the studied thermoplastic composite.

1 | Introduction

Industrial digitization techniques are growing in interest for
polymer composite manufacturing. The ability to collect data
from connected systems in order to maintain/improve prod-
uct quality while seeking more sustainable practices has eco-
nomic and societal benefits [1]. The concept of a smart factory
allows one to aim for analysis of a production line in real time,
eliminating the normal constraints of having to wait for test re-
sults long after a part has been manufactured. One monitoring
technology that has shown robust implementation in the smart
factory is acoustics, which generally relies upon propagating
guided waves at frequencies in the audible range as well as at
higher frequencies in the kilohertz to terahertz ranges. For the

automotive industry, acoustics have been shown to be a promis-
ing technology for evaluating composite materials, having been
used in a variety of applications such as fiber orientation pre-
dictions, fiber/matrix damage detection, and creep evaluation
[2-6]. To effectively analyze these properties using acoustics in
a fast-moving manufacturing setting requires the strongest pos-
sible signal so that the information stands out from the noise and
analysis is made of only the relevant frequency regions for part/
material characterization in order to offer real-time feedback.

Sound waves traveling through a material are not 100% efficient,
since attenuation is normal in both homogenous and heteroge-
neous material systems [7]; however, this loss is not uniform
in polymers and often varies based on the frequency of the
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Highlights
« Attenuation in heterogeneous composite material dis-
plays two frequency regimes.

« Dampening was dependent on the fiber type, fiber
content, and porosity.

« Genetic programming tool was found useful in devel-
oping the attenuation model.

sound wave and the material in question [8]. This loss in signal
strength is attenuation () due to acoustic dispersion which cur-
rent models capture by assuming the materials are homogenous
regardless of its composition and influenced by frequency (f)
using both dampening (d) and scattering (s) terms:

a=ag+a;,=Cq-f+C;-f" €))

The dampening term behaves similarly in most dispersion
models, even when the microstructure of the material itself
is quite different, whereas the power factor for the scattering
term will change significantly. For example, large-grained alu-
minum alloys follow the Mason-McSkimin expression which
estimates attenuation by the linear relationship (Equation 1)
with quartic frequency dependency for the scattering term [9].
Alternatively, gray cast iron follows a Datta-Kinra expression
where Equation (1) has a quadratic frequency dependency for
the scattering term [10]. In the case of unidirectional fiber-
reinforced polymers, at least one study has found the scattering
term to have a cubic frequency dependency [11] though model
suitability was questionable in this case due to the distinctive
heterogeneity at the meso- and macro-scale with polymer com-
posites compared to these other examples. All expressions found
in the literature correspond to offline analysis of solid parts.

The dispersion models found in the literature were all developed
for acoustic sensing systems based on signal frequencies in the
megahertz region where attenuation is a major concern. In the
ultrasonic region (kHz), the magnitude of signal attenuation
is much lower, which is a significant benefit for using this re-
gion for smart manufacturing systems. This means that lower
strength signal can be used which may avoid any microstruc-
tural changes or damage induced by the sound emitted into the
test material. Another benefit to collecting information in the
ultrasonic rather than megahertz region is the signal requires
a less costly acquisition and storage system, allowing for faster
data processing time for real-time monitoring [6]. For composite
applications, the authors have already shown that the ultrasonic
region can be used for accurate fiber orientation predictions [6]
and fiber length predictions [12].

Unidirectional fiber-reinforced polymer composites experi-
ence a cubic frequency dependency for the scattering term of
Equation (1), only describing attenuation as a function of fre-
quency while omitting information on its discrete phases corre-
sponding to the fibers present and common processing defects
like entrapped air bubbles. Both factors have been shown to in-
fluence attenuation in the megahertz region [8, 13, 14]. Scattering
models for polymer composites were subsequently developed to
relate attenuation with porosity, expanding on the dampening

and scattering relation [15-18]. However, these models were all
developed at fixed fiber content and do not explore the influence
of changing fiber content. This is an important oversight in prac-
tice since attenuation in polymer composites has been shown
to change significantly as the fiber content increases [14, 19],
meaning that large discrepancies are likely present in developed
attenuation models (including both fitted and micromechanical
models). The ability to capture the heterogeneity of composite
materials for their porosity and fiber content within a single at-
tenuation model remains a challenge to be resolved.

The purpose of this study was to quantify the influences of
entrapped air, fiber content, and testing frequencies (in the
ultrasonic region) on attenuation within polymer composites
and devise a descriptive model to improve acoustic monitoring
systems for use in smart factories. The intent of the model was
two-fold: to provide designers with a means to more accurately
predict the sound dampening properties experienced with simi-
lar polymer composites (ex. passenger cabin design in vehicles);
and to support our own research in frequency domain-based
acoustic monitoring methods for quality assurance in the poly-
mer industry. The inclusion of entrapped air in the model was
deemed relevant despite being a processing defect due to the
difficulties in their complete elimination by practical process-
ing methods. The modeling element of the study was aided with
the use of genetic programming, an artificial intelligence tool
capable of proposing mathematical terms for the new dispersion
model most likely to describe the influences of entrapped air,
fiber content, and signal frequency seen in the collected data.

2 | Materials and Methods
2.1 | Materials

The chosen polymer matrix was an extrusion-grade HL781G
isotactic polypropylene (LyondellBasell; Texas, USA) supplied
in pellet form. Two common industrial rigid fibers were chosen
for reinforcement, with sizing specified for polypropylene ap-
plications: Owens Corning E-glass fiber with an average fiber
length and diameter of 4mm and 14 pm, and Zoltek carbon fiber
with an average fiber length and diameter of 4mm and 12 pm,
respectively. The fibers were dried at 80°C for 24 h prior to use
to minimize moisture. Polybond 3200 maleated polypropylene
compatibilizer (SI Group; New York, USA) was used to improve
cohesion between the polypropylene and the respective fibers.

2.2 | Composite Preparation

A Thermo HAAKE Rheomix 3000 batch mixer (Thermo Fisher
Scientific; Massachusetts, USA) was used to compound the dif-
ferent composite formulations used in the study. The batch mixer
was operated at 230°C and a rotor speed of 60 RPM. Three fiber
loadings of 5, 15, and 25vol% were chosen for both the glass fiber
and carbon fiber composite samples. The necessary amount of
polypropylene and 1.5% (w/w) maleated polypropylene were fed
into the batch mixer simultaneously and mixed until the torque
leveled off. The fibers were gradually fed into the batch mixer
at this point to limit clustering of the fibers within the polymer
melt. The composite melt (200g) was mixed until the torque
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leveled off, allowing for the fibers to be properly incorporated
with the melt.

The composite melt was immediately transferred to a 90mm x
90mm x 2.5mm mold sandwiched between two metal plates
and then placed within a hot press (Model 4389 Carver hydrau-
lic press; Indiana, USA). The hot press was preheated to 230°C
to prevent the melt from cooling prior to molding. The platens
were pressed with a two metric tons load for 2min and then
six metric tons load for an additional 2min before being water-
cooled while still at six metric tons load until the mold reached
80°C. Solidified plaques rested at room temperature for 1week
prior to testing. An example of a plaque can be seen in Figure 1.
The yellowing and spottiness of the sample were done intention-
ally for thermographic imaging testing; however, their results
were not included in this thesis.

2.3 | Micro Computed Tomography

A Zeiss Metrotom micro-computed tomography device (ZEISS;
Oberkochen, Germany) located at the Karlsruhe Institute of
Technology (Karlsruhe, Germany) was used to analyze the
composite plaques and identify the location and quantity of en-
trapped air within. The plaques were placed within an ultralight
foam mount and placed into the pCT machine, which can be
seen in Figure 1. The voltage, current and gain of the x-ray tube
were varied to optimize the voxel resolution; a voltage of 130kV,
current of 90 pA and gain of 2.5 times were used resulting in
the voxel resolution of the pCT to be 29.92 pm with a focal spot
size of 20 pm. The pCT machine mode was set to fast, allowing
the plaques to be continuously scanned in a single 360° rotation
without the machine pausing for each projection. This drasti-
cally decreased the time to complete each plaque characteriza-
tion. No X-ray filters were used during the nCT scans. Multiple
scans of the plaques were done, varying the position within the
ultralight foam mold where X-rays would be primarily targeting.
The plaques would be positioned to target the middle center of a
plaque, the upper left region of a plaque the upper right region of

a plaque and lower center region of a plaque. The plaques were
reconstructed from the pCT projections using VGStudioMax.
The built-in porosity analysis tools were used to determine the
location and quantity of entrapped air within each plaque. Using
the software, pores with a diameter greater than 0.07 mm could
be identified, creating a distribution of entrapped air. The vari-
ation of overall entrapped air within the plaques based on scan-
ning position were found to be less than 0.2vol% for the glass
fiber plaques and 0.17vol% for the carbon fiber plaques.

2.4 | Acoustic Setup

The offline active ultrasonic method was adapted from previous
work for composite fiber orientation analysis [6]. Emitter (res-
onant type, R15 a) and receiver (broadband type, F30 o) ultra-
sonic sensors (Physical Acoustic Corporation; New Jersey, USA)
were placed on either side of a composite plaque and tested. The
emitter and receiver were placed on either side of the plaque
for through-plane transmission at the same targeted positions
where the porosity was previously characterized by pCT scans,
being affixed to the composite surfaces with a silicone vacuum
grease (Dow Corning; Michigan, USA). Since the plaques were
opaque, a custom 3-D printed rig was used to ensure the sensors
aligned over one another. For this study there was no need to off-
set the sensors. This rig eliminated any centroid offset between
the emitting and receiving sensor, even if a plaque may contain
a slight curvature; once the sensors were correctly aligned the
rig was removed. A 10MHz WaveForm generator paired with
custom Command Expert script (Keysight; California, USA)
was used to analyze 250 consecutive square waveforms. The fre-
quencies chosen were from 250 to 500kHz, with a maximum
amplitude at 5V detected signal. This region was chosen as
dispersion mode and fiber resonance exist within this range of
frequencies for fiber-filled composite materials [6, 20]. The fre-
quencies below 250 kHz were omitted due to them being outside
of the sensitive frequency range for the sensors [21]. The received
signal for each waveform was recorded with a 12-bit 4-channel
10MHz data acquisition system (National Instruments; Texas,

FIGURE 1 | Micro-computed tomography testing of a glass-fiber reinforced polypropylene plaque. (Left image) is the mount used to hold the

plaque, where the plaque is placed in an ultralight foam. (Right image) is the mount fastened within the tomography machine.
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USA), with a sampling rate of 3MHz and a noise threshold
of 0.06V to limit noise. No signal amplification was done for
this study.

The attenuation coefficient («) was calculated using the Beer-
Lambert law at each frequency, comparing the ratio of the max-
imum amplitude of the recorded waveform after transmission
through the composite plaque with the maximum amplitude
emitted waveform prior to transmission (5V). This can be ex-
pressed by calculating a (Neper per mm) using Equation (2),
where I is the recorded maximum amplitude (volts), I is the ini-
tial maximum amplitude of 5V and x is the caliper-measured
plaque thickness (mm).

«= —%-Ln(é) @

The attenuation coefficients for each frequency were then com-
bined to create an attenuation spectrum. Processing was done
using code developed in Python (version 3.11) with the NumPy
library (accessed November 8th, 2023) [22].

2.5 | Dispersive Mode Calculation

Dispersive modes were calculated by a modal analysis to con-
firm their presence within the Symmetric Region, a distinctive
range of frequencies in the collected acoustic spectra that is dis-
cussed in detail in the Results and Discussion section. The calcu-
lations were done using the open-source Lamb-Wave-Dispersion
Python package (Version 0.0.0) [23]. The rule of mixtures was
used along with reported data for polypropylene and the glass
and carbon fibers in order to calculate the dispersion modes;
the dispersion curves were calculated assuming the composites
were entirely solid and uniform in properties [24-27]. The calcu-
lations were done for both fibers at the varying volume percent-
ages to provide an understanding of how the Symmetric Region
attenuation response deviated from the theoretical frequencies
[20] when air was introduced. It should be stated that these cal-
culations provide a theoretical basis to which the experimentally
tested attenuation spectra can be compared. As these calcula-
tions are used for homogenous materials, they will not incor-
porate the effects of scattering from the fibers or entrapped air,
making them excellent for making comparisons between how
a perfectly homogenous material would act versus a heteroge-
neous material with enclosed defects.

2.6 | Genetic Programming

The artificial intelligence tool ‘Genetic Programming’ aided in
developing a mathematical expression for attenuation that incor-
porated fiber content, entrapped air volume and frequency of the
acoustic signal in its determination; the model was trained with
glass fiber composite data and then tested on results for either
glass- or carbon-fibers to evaluate whether the expression was
fiber type specific. Each variable of study was mean-centered
and standardized using their mean and standard deviation.
The means for the four variables were 0.514 Np/mm, 280kHz,
1.500% and 14.850%. The standard deviations were 0.150 Np/
mm, 17.607kHz, 0.694% and 8.067%. A custom script using the

GPlearn Python library for genetic programming (GP), paired
with a NVIDIA GeForce GTX 1650 Super GPU, was created
using terms found in historical attenuation models (discussed in
the Introduction); the chosen terms were addition, subtraction,
multiplication, division, square roots, inversion and the use of
negative numbers; additional terms were initially considered
based on logarithmic and trigonometric functions but the re-
sulting expression was overly complex due to over-fitting of the
data. Constants were constrained between —100 and 100 so that
they remained at a similar magnitude to the mean-centered and
standardized data. For GP model development, the glass fiber
data was randomly split into training and testing sets on a 2:1
ratio, with both sets containing results for each fiber content.
Symbolic regression was chosen for genetic programming to
develop the equation relating the three characteristic variables
(frequency, porosity and fiber content) to the response variable,
attenuation.

A tuning process to create the best fitting attenuation mathe-
matical expression to the experimental data was done by vary-
ing the probabilities of the parent genes being passed down to
the child in the GP model. The probabilities used throughout
this study were probability of gene crossover between tour-
nament winners; probability of crossover genes mutating;
probability genes would be removed (to help eliminate poor
performing genes and limit bloating); probability a gene would
randomly mutate (not during crossover); and probability a gene
would be replaced by an existing gene. The various genetic pro-
gramming probability ranges used were tabulated in Table 1,
with the probabilities of all genetic permutation outcomes
equaling 100%. To minimize the size of an expression, the par-
simony coefficient (a penalty metric to combat bloat) was var-
ied from 0.01 to 0.001. Additionally, the maximum number of
generations was constrained, with four hard constraints of 5,
10, 50 and 100 generations chosen. While the above probabili-
ties were varied, the following hyperparameters were kept con-
sistent for all genetic probabilities: population size was 5000;
the fitness was the mean square error with a termination stop-
ping criteria of 0.001.

Model form determination was done in Python using the SciPy li-
brary. The mean square error between experimental attenuation
and calculated attenuation from the optimized terms was the
chosen objective function. Various solver methods were tested
to determine which would give the optimal results: Nelder-
Mead, Limited memory BFGS, Truncated Newton Constrained,
Constrained Optimization by Linear Approximation, and
Sequential Least Squares Programming methods. Each solver

TABLE1 | Geneticprogrammingprobability rangesused throughout
the study.

Probability parameter Range (%)
Gene crossover between tournament winners [60, 90]
Gene crossover mutation [1, 10]
Gene removed [1,15]
Gene mutation (not during crossover) [1, 10]
Gene replacement [1, 5]
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repeatedly ran 10 times independently with the starting point
changed for each iteration using the NumPy random.default
rng() function to ensure the solution was not a local minima.
The stopping criteria for each run was 0.001, or a maximum it-
eration of 10,000. The results for the optimized expressions are
discussed in Section 3.

3 | Results and Discussion

3.1 | Nature of Material Attenuation Based on
Spectral Regions

The characteristic attenuation coefficients for both glass- and
carbon-fiber filled polypropylene composites over the tested fre-
quency range (250-500kHz) exhibited two distinctly different
acoustic behaviors, as shown in Figure 2; the frequency range
was chosen to cover the known beam harmonic resonance of
these types of fibers in the polymer matrix [12, 28]. The region
between 250 and 310kHz included a minimum centered near
280kHz, which is atypical of homogenous dispersive materials,
whereas the region between 310 and 500kHz was expected of
polymers and showed linearly increasing attenuation with fre-
quency. These two regions are analyzed separately in this study,
though both regions appear to be significant in describing both
glass- and carbon-fiber filled thermoplastic composites.

3.1.1 | Symmetric Region [250-310kHz]

The attenuation in this range displayed a unique profile. There
is a symmetrical nature to the attenuation profile in this range
of frequencies around a minimum centered at ~280kHz, which
was found with both glass and carbon fiber-filled composites, as
shown in Figure S1 (supplementary documentation). For clar-
ity, the frequency corresponding to the lowest attenuation co-
efficient value in these minima will be referred to as the vertex
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frequency in this study. The vertex frequency and amplitude of
the minima were examined to establish their dependency on the
main test variables, namely the composite fiber volume content
v; and porosity ¢ (entrapped air content).

With regards to fiber content, increasing glass fiber content was
found to statistically increase the vertex frequency (p-value of
0.01); however, there was no influence for carbon fibers (p-value
of 0.826). In general, the influence of fiber content was minor
compared to the effect of porosity on the vertex frequency, as
will be shown below. Conversely, the amplitude of the vertex
frequency increased with increasing fiber content for both glass
fibers (p-value of 0.004) and carbon fibers (p-value of 0.035).

With regards to the porosity measured by uCT, the vertex
frequency was found to increase with increasing porosity
even at the low porosity present in the fiber-filled composites
($b=0.48%-2.23%). As shown in Table 2; the influence of po-
rosity was statistically significant with glass fibers (p-value of
1.38 X 107) but not for carbon fibers (p-value of 0.127). A deeper
investigation regarding this is discussed in Section 3.2. Being the
most influential variable in the study on attenuation, Figure 3
presents the data and fitted regression expressions for poros-
ity, separately for the glass fiber- and carbon fiber-composite
samples.

Interestingly, the fitted models showed nearly identical inter-
cepts, being at 280.38 kHz and 279.23kHz respectively for the
two materials. The amplitude of the attenuation minima was
only found to statistically increase with glass fibers (p-value of
0.004) and once again, not for carbon fibers (p-value of 0.122).
Because of the seemingly low sensitivity of attenuation to fiber
content and porosity for carbon fiber composites, the GP mod-
eling was focused on the glass fiber-based results to ensure the
influences of these variables were represented correctly. A dis-
cussion regarding sensitivity based on fiber type is discussed in
Section 3.2.

The behavior of the attenuation minima in this region was
considered unique as it showed sensitivity to both fiber con-
tent and porosity, in addition to frequency. Normal attenua-
tion behavior for homogeneous dispersive materials is nearly
exclusively related to frequency. For heterogenous materials
like polymer composites, the inclusion of discrete phases like

€
E
[o%
z
510/
g
Sos TABLE2 | Porosity ranges determined by pCT scans for the different
8 fiber-filled composites.
206
£ Fiber Average
0.41 volume porosity Standard
. N Fiber type fraction (%) deviation
Glass fiber 5 0.48 0.12
001 — - - : . ;
20 00 35F$equency (kHi)O ° 0 200 Glass fiber 15 2.27 0.17
FIGURE 2 | Average calculated attenuation coefficients (Np/mm) Glass fiber 25 2.23 0.45
for both glass fiber (blue) and carbon fiber (black) reinforced polypro-
glass fiber (blue) and (black) POP Carbon fiber 5 0.99 0.08
pylene composites with a testing range of 250-500kHz. The frequency
resolution is every 1kHz. The solid lines () represent the 5vol% results, Carbon fiber 15 1.33 0.05
t'he dashed lines (- — —) represent the 15vol% results and the dotted Carbon fiber 25 1.70 0.37
lines (- - -) represent the 25vol% data.
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FIGURE 3 | Comparison of the vertex frequency (kHz) with the
composite plaque porosity (volume %) for fiber both (Top plot) glass fi-
ber and (Bottom plot) carbon fiber reinforced polypropylene compos-
ites. The error bars are the standard deviation at the given porosity. The
dashed lines (— — —) are the regressed lines for the vertex frequency on
the porosity for both the glass fiber (R? of 0.73, p-value of 1.38x107°)
and carbon fiber (R? of 0.30, p-value of 0.127).

fibers (and the associated porosity with their addition in melt
mixing processes) presents a greater likelihood of material
factors influencing sound propagation, thus producing these
minima that shifted to increased frequencies and rose in at-
tenuation amplitude with fiber content. Seeking to postulate a
unifying explanation for the dependencies seen for both fiber
content and porosity on attenuation in this region, two acous-
tic phenomena were considered: dispersion modes and fiber
resonance. The reason for combining theories is that neither
fully explains these results. Dispersion affects the velocity of
a propagating sound wave based on material and dimensional
effects [29], which in the case of this study would be primar-
ily the composite's modulus and density [20]. Calculations
showed the Symmetric Region contained an S1 dispersion
mode and the fiber's strong resonance frequencies; the S1
dispersion mode corresponding to each fiber content tested
in this study is presented in Figure 4. Neither type of fiber,
glass versus carbon, showed a significant influence (p-values
of 0.522 and 0.454, respectively for glass and carbon) on the
phase velocity though higher porosity was shown by others to
significantly decrease the speeds of sound [13].

Additionally, the dispersion mode cannot explain why fiber
content or porosity are influencing the amplitude of the min-
ima, which is why we believe fiber resonance must be contrib-
uting to the attenuation behavior in this region. Heterogeneity
material can have a unique effect on attenuation due to acous-
tic resonance of their discrete phases, feasibly affecting the
minima in our case in both amplitude and frequency; glass
fiber resonance has already been identified within this fre-
quency region in a previous work [6]. In general, increasing
fiber content will amplify the effect of its resonance frequency
[30], increasing the signal strength at the associated resonance
frequency. With an increased signal strength at the resonance
frequency, the vertex frequency would change in a nonlinear
manner to reach the resonance frequency. Noting the porosity

T
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! i i —— Carbon - 5 vf
[ i -=- Glass - 15 vf
0.8 : \ ‘\ === Carbon - 15 vf
> i \ '\. —-= Glass - 25 vf
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e I
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Frequency (kHz)

FIGURE 4 | Simulated dispersion symmetric S1 mode results for
both glass fiber (blue) and carbon fiber (black) reinforced polypropylene
composites. The solid lines () represent the 5vol% results, the dashed
lines (- — —) represent the 15vol% results and the dotted lines (- - -)
represent the 25vol% data. The vertical red line lies at 280kHz, the y-
intercept value for both regressed lines determined in the figure. The
Y-axis has been normalized to show comparisons between the various
conditions.

in this study was associated with fiber content (increasing in
value with fiber content), the increased resonance effects with
more fibers may also be why the vertex frequency increased
with porosity instead of decreased. Unlike dispersion modes,
increasing the number of fiber resonance events (by increasing
the amount of fibers resonating) increases the material reso-
nance strength and causes the attenuation signal to be reduced
at the associated frequency values. The amplitude of the min-
ima may also be explained by the theory of fiber resonance
since increasing fiber content will increase the amount of sig-
nal scattering within a heterogeneous material and thus in-
crease attenuation. The amount of scattering should similarly
increase with porosity. This analysis on the experimental re-
sults strongly indicated to the authors that fiber resonance was
having a greater impact on the frequency value of the minima
compared to dispersion modes and that associated scattering
effects generated by the increased inclusions within the mate-
rial further attenuated the signals.

A mathematical expression for attenuation within this region
was derived using the genetic programming (GP) AI tool to
explain the influences of porosity and fiber content; original
attempts to capture both regions simultaneously were un-
successful in fitting the data, resulting in the separate analy-
ses. Training of the GP model with the glass-fiber composite
acoustic data was purposely done on account of the vertex
frequency showing a stronger dependency on porosity with
this material whereas inclusion of the carbon data tended
to dampen the sensitivity of the predicted expression to this
variable; however, testing was done with data of both com-
posites to find the overall best candidate expression and limit
overfitting to the glass-fiber results. A total of 32 different per-
mutations of hyperparameters were chosen for the GPlearn
algorithm, leading to 32 different equations. The two highest
performing equations based on their R? that included both ¢
and vy, are given in Equation (3) and Equation (4). The R%,,
for the two equations were 0.834 and 0.735, respectively while
R2., o0 Were 0.533 and 0.592, respectively. It is worth remind-
ing that a, f, ¢ and v; are the mean-centered and standardized
variables of frequency, porosity and fiber volume fraction, not

Polymer Composites, 2026

85U8017 SUOWWOD BAIERID 3(dedlidde ayy Aq peusenob afe sajoie YO ‘8sn JOss|n. 10} Afeiq8Ul|UO /8|1 UO (SUONIPUO-PUB-SWBIA00" A8 1WA e1q | Ul |Uo//ScY) SUONIPUOD Pue SWLB | 8L 88S *[9202/50/8T] Uo Areiqiauliuo A8|im ‘91Bojouyos L In4 1minsu| Jeynss|e A 8160/ 9d/Z00T 0T/I0p/wod Ae|im Ake.d 1 jpuluo'suo ot jgndedsty//:sdny wouy pspeojumod ‘0 ‘69508vST



the nominal values, hence why they are bolded. These vari-
ables are therefore without units.

/ (I)(Vf—Z'f) ve—Tf
— fZ _ 8 f2 -1 f 3
* ! I+ 19.849 * 8.277 - f @

(3 Vil

18261—¢ \[|d+v;

@

a=f+

Both expressions show similarities to Equation (1) for homoge-
neous materials but are understandably more complex for our
heterogenous material by considering the discrete phases of fi-
bers and bubbles on attenuation. Genetic programming was able
to identify the strong symmetric relation between signal fre-
quency and attenuation experienced by the composites, though
the quality of fit was poorer with carbon fibers rather than glass
fibers, as expected based on the modal analysis and resonance
behavior discussed above.

The response of fiber content and porosity on the captured
equations terms is interesting. For starters, both the third and
fourth terms in Equation (3) display clear linear dependencies
between attenuation and the fiber content, coinciding with the
increasing scattering effects that were observed for both the
glass and carbon fibers in the attenuation spectrum. The third
term of Equation (3) also demonstrates a linear dependency
in the region between attenuation and porosity. As this equa-
tion was developed on the glass-fiber results, it makes sense
why the effects were captured even if they were not present
for the carbon results. When analyzing Equation (4), the be-
havior becomes more challenging to visualize due to the third
term since the attenuation response for both fiber content and
porosity becomes dependent on one another. The denominator
of the third term will result in division by zero for cases when
either factor is zero, or the additive inverse. Increasing either
factor also changes the magnitude of attenuation for the entire
region in an oscillatory manner. Another issue is that the sec-
ond term does capture the increasing magnitude of attenua-
tion with porosity. The rational term in the respective domain
will always increase attenuation as the porosity increases. The
slightly better fit to the data with Equation (4) for the carbon-
fiber filled samples can be attributed to the fact the equation
itself did not capture any changes to the vertex frequency.
Visualizing only the frequency variable of Equation (4), no
additional linear terms exist which would shift the vertex
frequency.

Considering the limited amount of data (approximately 54 acous-
tic tests) available for training the GP model, the fit to results and
similarity in the form of these two expressions to those in the
literature for homogenous materials was considered a positive
outcome. The GP method benefits from larger dataset than the
54 tests to predict expressions fully descriptive of the modeled
phenomenon but we believe by seeking expressions that were
comparable to those for homogenous materials, the risk of over-
fitting were diminished; similarly, we believe the strategy of sep-
arating the data into training and testing sets will reduce fitting
errors, allowing the resulting equations to adequately reflect the
analyzed region of the spectrum. Both expressions capture the

minima of the region; however, the third and fourth terms of
Equation (3) better captured its dependency on fiber content as
well as porosity across the region than Equation (4). The sec-
ond term of Equation (4) was unable to mimic the behavior ob-
served for the Symmetric Region relating to changing porosity
and resonance effects, and its third term presented challenges
with specific fiber content and porosity pairing, resulting in an
expression not truly capturing the nature of attenuation for the
composite materials.

Ultimately the ultrasonic attenuation in this region of symme-
try, which was shown to be influenced by the amount of air and
fibers within the composite material, was captured with the help
of GPlearn. The ability to capture this region and highlight the
effects of both entrapped air and fiber content on attenuation
can help identify optimal testing frequencies for quality assur-
ance monitoring.

3.1.2 | Dispersion Region [310-500kHz]

The Dispersion Region does not display any clear dependencies
based on either porosity or fiber content, making its modeling
seemingly more straightforward. While there was similarity
in attenuation for both fiber types and all tested fiber con-
tent at most frequencies in Figure 2, however, between 430 to
500kHz there appeared to be some distinctiveness based on
the fiber type (glass versus carbon). Differences in the atten-
uation spectra did not increase with fiber content nor poros-
ity. Overall, this region resembled the nature of homogenous
dispersive materials where the attenuation increases linearly
with frequency.

With genetic programming, porosity and fiber content were still
considered as variables in the mathematical terms using the
same hyperparameters as used for the Symmetry Region. For
the majority of the candidate expressions generated by GPlearn,
attenuation was solely dependent on the test frequency. Some
expressions added components with the testing frequencies with
varying fitting coefficients. These expressions were combined
resulting in a combined candidate generated by GPlearn for this
region shown in Equation (5):

A Vg
=f+_——+ 24
@ B_f C

. £ f
¢+Vf ¢+Vf +¢T

Vi ¢-f
D E F H

+
®)

where A through H are fitting coefficients without units.
Working with this expression provided an opportunity to con-
firm there was significant dependency on fiber content and
porosity, which we did by determining the eight coefficients op-
timally fitted based on three sets of data: combined glass fiber
and carbon fiber; glass fiber only; and carbon fiber only. The op-
timization results for these three datasets are shown in Table 3,
indicating that only the first two terms of Equation (5) were in-
fluential on attenuation and confirming that fiber content and
porosity had no significant effect on sound propagation in this
spectral region; this outcome was the same whether all frequen-
cies between 310 and 500kHz were considered in the training of
the GP model or when the highly variable region between 360
and 430kHz was ignored. At least this outcome validated the
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suitability of using genetic programming for this exercise since
it showed it was possible to obtain similar expressions as those
historical models by this emerging AI technique.

3.2 | Influence of Fiber Type

The diminished sensitivity of the attenuation spectrum to fiber
content and porosity for the carbon-fiber composites compli-
cated attempts to create new mathematical expressions. While
the proposed expressions for attenuation apply sufficiently well
to both glass and carbon fiber composite materials, deeper anal-
ysis was required to understand the cause(s) for this difference
in sensitivity.

To rationalize the Symmetric Region's sensitivity to fiber type
where porosity influences dominated, a closer examination of
the uCT scans was felt to be warranted. Examples of defect di-
ameter distributions for the entrapped bubbles by uCT charac-
terizations of both glass fiber- and carbon fiber-filled specimens
are provided in Figure S2. The sizes of entrapped air bubbles
were larger for specimens containing glass fibers, in the range
of 100-800 pm compared to 100-400 um for those with carbon
fibers. The bubble distributions for both fiber types were dispro-
portionately skewed to sizes at the lower end of these ranges.
A Kolmogorov-Smirnov (KS) similarity test compared the two
size distributions (HO: Glass(x) < Carbon(x)) and concluded the
null hypothesis was rejected (p-value of 2.95x1072), meaning
the bubbles in the glass fiber-filled plaques were larger. Based
on this analysis, it is proposed that the influence of porosity on
attenuation around the vertex frequency was dependent on the
entrapped air being above a critical bubble size (a value between

400 and 800 pm is expected though these is insufficient data
to state a specific critical value). To reinforce this finding, uCT
scans of the neat polypropylene were also analyzed, showing
bubble sizes very similar to those found in carbon fiber-filled
plaques, between 100 and 300 um and just like the carbon fibers-
filled plaques, no correlation was found between the vertex fre-
quency and its porosity (p-value of 0.815).

The attenuation spectra in the Dispersion Region showed clearer
differences to one another based on fiber type despite porosity
having no influence as it did in the Symmetric Region. While the
glass fiber-filled spectra showed a high level of parity among them-
selves, the carbon fiber-filled attenuation spectra showed much
more variability in this region. This can be seen in Figure S3. A
classification approach was introduced to determine if the attenu-
ation spectra of the Dispersion Region could successfully be clas-
sified as either a glass fiber- or carbon fiber-filled sample.

The first test was to determine if the total 54 fiber acoustic sig-
nals could be classified based on fiber type. Using the optimized
coefficients of Equation (5) for glass only results and carbon
only results found in Table 3, all related attenuation spectra for
the Dispersion Region were compared using machine learning
classifiers; the classifiers of Fisher's Linear Discriminant (FLD)
and Support Vector Machines (SVM) used the classification F1
score [31] as their performance metric and considered the only
independent variable being frequency. Also for SVM, linear,
polynomial and radial basis function kernels were explored.
The confusion matrices for the five classifiers can be seen in
Figure 5, where both FLD and SVM with either a linear or poly-
nomial kernel were found to be correctly classifying the entire
dataset into either a glass sample (class 0) or a carbon sample

TABLE 3 | Optimization results for the eight coefficients of Equation (5) based on which dataset was included during the optimization.

Optimized coefficient MSE
Dataset A B C E F G H
Glass and carbon —0.084 1.800 19.067 79.170 11.499 100 97.869 48.585 0.097
Glass —0.085 1.802 -100 12.731 9.801 99.998 33.990 —31.239 0.064
Carbon —-0.181 1.887 2.962 —-2.840 4.729 100 100 —-100 0.097

Note: The mean square error is listed in the final column.

True label
True label
True label

Predicted label

Predicted label

Predicted label

True label
True label

Predicted label Predicted label

FIGURES5 | Confusion matrix results for the five classification algorithms used when trained on the entire data set. From left to right the confu-
sion matrices are for the optimization results, Fisher's linear discriminant, support vector machine with a linear kernel, support vector machine with

a polynomial kernel and a support vector machine with a radial basis function kernel. The amount of glass fiber results (Class 0) that were correctly

classified will be listed in the top left quadrant; the amount of glass fiber results incorrectly classified as carbon fiber (Class 1) will be listed in the

top right quadrant; the amount of carbon fiber results incorrectly classified as glass fiber will be listed in the bottom left quadrant; and the amount

of carbon fiber results correctly classified will be listed in the bottom right quadrant.
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(class 1). The FLD and SVM with a ‘linear & polynomial’ ker-
nel made no classification mistakes as each had an F1 score of
1.00 (a perfect score). The optimized coefficients classification
was not comparable with an F1 score of only 0.58. The classifi-
cation was overfitting the carbon class (class 1) with over 60% of
the glass data being incorrectly identified as carbon data. The
overfitting behavior was an interesting outcome considering the
optimization results indicated the glass-optimized coefficients
gave a better fit to the data. For its low F1 score and poor clas-
sification results, Equation (5) was not considered capable of
differentiating fiber type. The fact the AI-based Equation (5) re-
sembled similar historical models yet vastly underperformed in
the classification demonstrate the degree of information lost by
the expressions in the Dispersion Region. This also showed that
the dampening effects of the polymer and fibers had a greater
effect on the attenuation within the Dispersion Region.

Attempting to determine to what extent the two fiber types
could be correctly classified by the machine learning models,
the recorded signals for the Dispersion region were divided into
training and validation sets on a 2:1 ratio. The validation set was
data the classifier had never seen before. The confusion matrices
for the training and validation results for the four classifiers can
be seen in Figure 6, demonstrating exceptional results. The FLD
and SVM with a ‘linear & polynomial’ kernel were able to cor-
rectly classify the entirety of the training data, having a training
F1 score of 1.00. All three classifiers were also able to correctly
classify almost the entirety of the validation data as either a glass
or carbon sample, having validation F1 scores of 1.00, 0.94, and
1.00, respectively. The SVM radial basis function kernel yielded
lower training and validation F1 scores of 0.83 and 0.80, respec-
tively, as it overfit the glass-based classifications.

True label
True label

Predicted label

True label
True label

0 1

predicted label Predicted label

The strong differentiation by the machine learning classifica-
tion methods answers the above question of the capability in
differentiating an unknown composite specimen based on their
fiber type using their attenuation spectra. Fiber type seemed to
be a differentiating factor for the attenuation spectra, even in
regions where the fiber content and porosity had no significant
effect. The smaller densities and higher moduli for the carbon
fibers compared to glass fibers result in faster speeds of sound
as the acoustic waves propagate through these materials, which
were successfully captured using the machine learning models.

4 | Conclusions

The attenuation spectra of two heterogeneous composite mate-
rials were analyzed based on their dependency on porosity and
fiber content, and mathematical expressions were conceived
based on those findings to fit the data. Two distinct regions
were identified having vastly different attenuation behaviors.
Porosity and fiber content were determined to be significant
influential factors on attenuation within the window of 250-
310kHz, with that influence successfully modeled using genetic
programming. For example, a 1% increase in either porosity
or fiber content increased attenuation by 4.86% (for the glass
fibers) or 0.571%, respectively, in this region. Two expressions
appeared to capture this and explained the effects of disper-
sion modes and fiber resonance on a propagating sound wave,
though only one of these expressions properly accounted for
all parameters appropriately. The influences of the dispersion
modes and fiber resonance were much more prevalent for glass
fiber-filled composites over carbon fiber-filled. Neither porosity
nor fiber content affected the attenuation spectrum within the

True label
True label

Predicted label

True label
True label

predicted label Predicted label

FIGURE 6 | Confusion matrix results for the four classification algorithms used when the data is split into 66% training and 33% validation. From
left to right the confusion matrices are for Fisher's linear discriminant, support vector machine with a linear kernel, support vector machine with a

polynomial kernel and a support vector machine with a radial basis function kernel. The top four confusion matrices are the training data results,

and the bottom four confusion matrices are for the validation results. The amount of glass fiber results (Class 0) that were correctly classified will be

listed in the top left quadrant, the amount of glass fiber results incorrectly classified as carbon fiber (Class 1) will be listed in the top right quadrant,

the amount of carbon fiber results incorrectly classified as glass fiber will be listed in the bottom left quadrant, and the amount of carbon fiber results

correctly classified will be listed in the bottom right quadrant.
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second tested region defined by a window of 310-500kHz, in-
stead demonstrating sole reliance on the signal frequency, with
respect to the fiber type, in very much a similar manner to ho-
mogeneous attenuation models. The attenuation spectra showed
clear differentiation in our analyses based on fiber type, which
was attributed to the material dampening coefficients having a
primary role on signal loss.

It Is foreseeable by the mathematical expressions derived in
this study that quality assurance based on acoustic monitoring
could not only identify a fault in a prepared fiber-filled poly-
mer composite but also point toward the most likely problem-
atic factor.
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