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There is a growing need for environmentally friendly alternatives to the determination of the mechanical
properties, thermal stability and other functional characteristics of polymer composites, which led to the use of
machine learning modeling combined with fast, non-destructive measurements like Fourier-transform infrared
spectroscopy (FTIR). In this study, we have successfully classified almost 200 in-house polypropylene composites
according to the applied reinforcements with the above-mentioned combination of methods. The balanced ac-

curacy of test validation was over 0.9 for the extreme gradient boosting (XGBoost)-based model. With the same
IR spectra, we have developed consensus machine learning models for predicting the modulus, tensile strength
and elongation at break — which are important mechanical properties from the application point of view. The
three-step validation protocol has verified that the models were appropriate for the prediction of the mechanical
features of the polymer composites and their classification based on the applied reinforcements.

1. Introduction

Future challenges will demand innovative solutions that push tech-
nological boundaries, necessitating the development of materials with
diverse functionalities, tailored properties designed for specific appli-
cations and performance. Throughout history, the development of new
materials has been one of the most significant accomplishments of the
given era, paving the way for the creation of new technologies.
Conversely, at times, a leap in technological advancement requires the
discovery of new materials [1]. Today, the likelihood of exploring an
entirely new material is quite low. Instead, researchers are focusing on
creating novel materials by combining existing ones, emphasizing
properties and performance [2]. As a result, modern advanced materials
are primarily composites and hybrid composites exhibiting superior
properties that the original materials did not possess [3]. Composites
typically consist of a matrix and reinforcement, but hybrid ones involve
more than one kind of reinforcing material. Composites are not solely a
human creation, as natural materials like wood or bone are also com-
posites. However, the advent of modern synthetic composites, especially
those based on polymer matrices, began in the mid-20th century. The
primary benefits of polymer composites besides outstanding properties,
include their ease of processing into various structural forms, their
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ability to substitute traditional materials with significant weight
reduction, enhanced reliability, or chemical inertness [4]. Among the
various types of composites or hybrid composites, those based on
polypropylene (PP) have garnered significant attention due to their
versatile properties and wide-ranging applications [5]. In
polypropylene-based hybrid composites, the polymer matrix of poly-
propylene is often combined with different fibers such as glass, carbon,
polymer or natural fibers to enhance mechanical strength, thermal sta-
bility, and other functional characteristics [6]. However, the growing
emphasis on sustainability and environmental considerations is driving
the development of bio-based and recyclable polypropylene composites
[7]. The use of natural fibers as reinforcements aligns with the global
push towards greener materials and circular economy principles. The
concept behind fiber reinforced composites is straightforward: rigid and
strong fibers bear the load, while the polymer matrix distributes it
among the fibers. The stiffness and strength of the fibers typically
employed in these composites are even 100 times greater than those of
the matrix [8]. The characteristics of all heterogeneous polymers are
influenced by four key factors: the properties of the components, their
composition, the structure, and the interfacial adhesion. To achieve the
best performance and cost-efficiency, it is essential to optimize all these
equally crucial factors [9]. Each type of filler imparts unique properties
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to the composite, broadening the scope of polypropylene’s applications.
As a member of the polyolefin family, polypropylene is hydrophobic,
without any functional groups, which often results in poor adhesion
with polar or hydrophilic fillers [10]. To overcome this challenge,
various surface treatments and compatibilizers are employed. Surface
treatments [11-13] can modify the filler surface to enhance compati-
bility with the polypropylene matrix. Compatibilizers, like maleic
anhydride-grafted polypropylene (MAPP), are added to the composite to
improve interfacial adhesion by acting as a bridge between the matrix
and the filler [14]. However, these improvements in mechanical prop-
erties often come with trade-offs. For example, while the stiffness and
strength increase, the impact resistance of the composite might decrease
compared to pure polypropylene [15]. To address this shortcoming,
hybrid composites are often prepared by incorporating a third compo-
nent, typically an elastomer [16,17]. Fibers and fillers increase stiffness
while elastomer responsible for the increased impact resistance, but in
case of natural fiber composites this principle does not work, which can
be attributed to several reasons [18]. In wood hybrid composites, rein-
forcement with polymer fibers results in satisfactory impact resistance
[19].

With newer technologies prioritizing to reduce environmental
burden, researchers are increasingly turning to chemometric and ma-
chine learning models to replace experimental methods that are time-
consuming, energy-intensive, and costly [20]. The growing interest
has led to the use of chemometric modeling methods in material char-
acterization, particularly utilizing easy, fast, and non-destructive mea-
surements like FTIR. Numerous studies have shown that with enough
samples and a suitable algorithm, a correlation can be established be-
tween the recorded FTIR spectra and the desired property, allowing for
easy prediction from a single FTIR spectrum [21]. This method has
become a standard workflow for quality control, particularly in the food
and pharmaceutical industries. Regarding composites, the multivariate
modeling techniques have effectively accelerated the design process it-
self [22,23], moreover different features (e.g., mechanical, thermal,
tribological and electrical) can be predicted as well [24]. In most cases,
the input parameters for the prediction of the mechanical properties are
physical characteristics of the starting materials, like density and
thickness [25], particle size of fillers [26], thermal conductivity [27]. S.
M. Khan [28] predicted the mechanical properties by using material
type, composition and number of reinforcement and matrix layers as
input parameters for cross-ply laminated fiber-reinforced polymer
composites. In the study of M.S. Kabbani and coworkers [29], the effect
of the cooling rate on the mechanical properties of glass fiber-
—polypropylene composites was predicted based on the composition of
the material or the number of matrix and reinforcement layers. T.
Nguyen [30] used FTIR spectra as input for predicting the molecular
weight.

In this study, we have used almost 200 different in-house PP-based
composites (or hybrid composites), with various types and concentra-
tions of polymer fibers and natural or synthetic reinforcements. The
preparation and the mechanical characterization of these samples were
lengthy and exhausting, therefore our aim was to develop multivariate
regression models for predicting modulus, tensile strength and elonga-
tion at break with the help of a fast analytical method, FTIR. Moreover,
we have aimed for the accurate classification of the composites ac-
cording to the used reinforcements. To the best of our knowledge, this is
the first application of FTIR spectra for the determination of the above-
mentioned mechanical features and classification of polypropylene
composites.

2. Materials and methods
2.1. Materials

Polypropylene (PP) Daplen HJ 325 MO, manufactured by Borealis
GmbH, Austria, was utilized, featuring a melt flow rate (MFR) of 50 g/

Composites Science and Technology 264 (2025) 111127

10 min (2.16 kg, 230 °C) and a density of 0.91 g/cm>. To enhance
interfacial adhesion, maleic anhydride-grafted polypropylene (MAPP),
specifically the Scona 6102 grade from Byk-Chemie GmbH, Germany,
was employed. This MAPP has an MFR of 3.5 g/10 min (2.16 kg, 190 °C)
and a maleic anhydride content of 0.9-1.2 %. The functionalized PP
constituted 10 wt% of the total reinforcement. Poly(vinyl alcohol) (PVA)
from Kuraray, Japan, and poly(ethylene terephthalate) (PET, T713,
Performance Fibers GmbH) were used as polymer fibers. For reinforce-
ment, carbon fibers, glass fibers, wood flour, and talcum were employed.
The carbon fiber, Panex PX 35 from Zoltek Zrt, Hungary, had a diameter
of 7.2 pm and a length of 8.4 mm, and was coated with an epoxy/
polyurethane blend, further over-coated with polyester resin. The glass
fiber, ThermoFlow 636 from Johns Manville, USA, had a diameter of 13
pm and a length of 4 mm, coated with silane sizing. Wood flour Filtracell
EFC 1000 from Rettenmaier and Sohne GmbH, Germany, had fibers
averaging 363 pm in length and 64 pm in diameter. The Jetfine 3CA
talcum from Imerys Performance Minerals (Paris, France) had an
average particle size of 6 pm and a 2.78 g/cm® density. The composition
of composites containing only one type of fiber ranged from 0 to 60 wt%
in 5 wt% increments. Hybrid composites consistently included 20 wt%
of reinforcing fiber (carbon, glass, or wood) and talc, with the polymer
fiber (PET, PVA) content varying from 0 to 40 wt% in 5 wt% increments.

2.2. Sample preparation

The components were homogenized using a twin-screw compounder
(Brabender DSK 42/7, Brabender, Germany) at set temperatures of 180-
190-200-210 °C and a screw speed of 40 rpm. Prior to extrusion, wood
flour was dried at 105 °C for 4 h, and PVA and PET fibers were dried at
80 °C for 4 h in a vacuum oven. To enhance homogeneity, the extrusion
process was repeated once. The resulting granulated composites were
injection molded into standard ISO 527 1A tensile bars, each 4 mm
thick, using a Demag IntElect 50/330-100 injection molding machine
(Demag, Germany). The processing parameters were set as follows:
temperatures of 40-170-180-190-200 °C, injection pressures ranging
from 300 to 1200 bar depending on fiber type and content, a back
pressure of 50 bar, an injection speed of 50 mm/s, a holding time of 25 s,
and a cooling time of 30 s. The mold temperature was maintained at
40 °C. The specimens were then stored at ambient temperature (25 °C,
50 % relative humidity) for one week before further testing.

2.3. Mechanical characterization

Tensile tests were conducted using an Instron 5566 universal testing
machine (Instron, USA) with a gauge length of 115 mm and a crosshead
speed of 5 mm/min. Young’s modulus was determined within the strain
range of 0.05-0.25 % by fitting a straight line to the recorded data. The
values for tensile strength and elongation-at-break were obtained from
the stress-strain curves recorded during the tests. Modulus is the least
susceptible to micromechanical deformation, therefore the original
reference measurements of elongation at break and tensile strength have
higher errors compared to those for modulus.

2.4. Infrared spectroscopy

Fourier transform infrared spectra were recorded in attenuated total
reflectance (ATR) mode with a Spectrum 3 spectrometer (PerkinElmer,
Inc.) equipped with a Universal ATR (UATR) accessory (PerkinElmer,
Inc.). Spectra were recorded from 4000 cm™! to 550 cm ™! at a spectral
resolution of 4 cm ™! with 32 scans applying a contact pressure of 100 N.
The average of five parallel spectra were used for the further evaluation.
Baseline correction (Automatic Whittaker transformation) with 1st de-
rivative and optionally standard normal variate (SNV) transformation
were used as pre-scaling for the models. We will specify the exact
combinations later on in each model.
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2.5. Statistical evaluation

2.5.1. Classification methods

In the case of classification models, we have used two machine
learning based algorithms: random forest (RF), and extreme gradient
boosting (XGBoost). Both algorithms are tree-based techniques, and they
are well-known especially for classification studies. Tree-based algo-
rithms create binary splits of the data into branches with the most
important variables and their limit values in the split points. The deci-
sion trees can be considered as the models, and their aim is to find the
best splits, in order to accurately classify the samples in their groups. The
difference between the two applied algorithms is the following: while
random forest consists of individual trees that form a voting-based
consensus to determine the class memberships of the samples [31],
XGBoost sequentially improves the single trees, based on the errors of
the preceding trees [32].

In RF, the number of models (trees) was set to 100, and the infor-
mation gain ratio was applied as the split criterion. In XGBoost, as there
were multiple classes, softmax probability (softprob) was used as the
objective function and similarly to RF, a hundred models (boosting
rounds) were generated. The KNIME (4.6.4) software environment was
used for the machine learning modeling [33]. The complete KNIME
workflow for classification is shown in the Supplementary Information
(Fig. S1).

The classification models were evaluated based on their accuracy
and balanced accuracy metrics:

correctly predicted samples

Accuracy (ACC) == T number of samples (€Y
pPLd
Balanced accuracy (BACC) = % @

where nj corr is the number of correctly classified samples in class j, 1 gcruar
is the total number of samples in class j, and k means the number of
classes. In addition to accuracy, balanced accuracy is a recommendable
and sensitive performance parameter for imbalanced classes [34]. The
definition of F1 score value is explained in detail in our previous work
[341.

For the validation of the models, we have used a combination of i)
iterative randomized (stratified) 5-fold cross-validation (CV), with ii)
80:20 split ratio for test validation (20 % of the data is separated
randomly for test) and iii) a permutation test. For the permutation test,
we have used the same distribution of the classes as in the original
dataset.

2.5.2. Regression methods

In case of the regression models, we have combined the traditional
partial least squares regression method with a machine learning-based
neural network. We have selected these two algorithms out of several
classical and machine learning tools, based on our preliminary results
and experience. Moreover, these algorithms can complement each other
as they can capture both linear and non-linear relationships in the data.

PLS is a classical and well-known multivariate linear technique for
the prediction of continuous reference variables. The basic idea of PLS is
the relationship between input variables (here spectral variables, X),
and reference variables (Y), such as the mechanical properties of the
polypropylene composite samples. Both X and Y are expressed in terms
of score and load matrices, but there is also a connection between the X
and Y matrices: Y = Xb + E, where b is the regression coefficient. These
coefficients are coming from the inner relationship between the two
score matrices. An important step in PLS is the optimization of the
number of PLS components (latent variables, LVs). If we are using too
much, we can risk overfitting, but with too few LVs, the models can be
underfitted. Here, we have used the global minimum of the root mean
squared error of cross-validation (RMSECV) values for the
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determination of the optimal number of LVs. These values were used
together with the other root mean squared errors (RMSE) for the cali-
bration (RMSEC), cross-validation (RMSECV) and test validation
(RMSEP) in order to determine the performance of the models. More-
over, R? values (determination coefficients) and mean absolute errors
(MAE) were also calculated for the proper evaluation of the models.

n =2
rr=1- TS ©)
Y —»)
RMSE = @
I\/IAE:ZT:I‘J:_yll (5)

where y; is the measured value (reference), y; is the predicted value, y; is
the average of the measured values and n is the number of samples.

The other regression method was the machine learning-based neural
network (NN), which is a nonlinear algorithm for the prediction of
continuous reference variables [35]. Neural networks are nonlinear
models inspired by the human brain, consisting of hidden layers of
interconnected neurons (nodes) that process input data (here the spec-
tral dataset) to detect patterns and make predictions in the output. It
learns to perform tasks by adjusting the weights of connections through
training. We have used KERAS neural network (with python deep
learning integration in KNIME) for the tasks with three densely con-
nected hidden layers. The number of neurons was optimized separately
between 10 and 1000 in a hyperparameter optimization loop. In the past
few years, exploring the overparametrized area for the finding of global
optima has been a commonly accepted paradigm, which is also benefi-
cial for model generalization [36].

In the case of regression models, genetic algorithm [37] was used as a
variable selection technique for the selection of the most important
spectral variables. This statistical tool helps to maximize the connection
between the spectra and the response variable, which can sometimes
depend on visually smaller, but important and information-rich details
of the spectra. Here, RMSECV was used as a typical fitness function in
searching for the local optima based on the PLS models. The applied
parameter settings are summarized in Table 1.

It is highly effective to use variable windows instead of unique var-
iables, especially in the case of spectral datasets, where the neighboring
variables are often correlated [38], therefore we have split the datasets
into 50 or 25 variable-size windows during the variable selection process
with genetic algorithms. These spectral intervals were created in a
continuous way from the data and there was no overlap between them.
PLS regression and genetic algorithm was carried out in MATLAB 2019a
(MathWorks, Inc.) with PLS Toolbox (v. 8.8.1, Eigenvector Research,
Inc.). The selected variables in each spectral dataset were used as input
variables for the further modeling phases with PLS and neural networks.

For validation, the same triad of validation methods were used as in
the case of classification: i) an iterative 5-fold randomized cross-
validation, ii) with 75:25 split ratio test validation and iii) a permuta-
tion test. Here, the Kennard-Stone algorithm was used to split the dataset

Table 1
Parameter settings for the genetic algorithm variable selection.

GA parameter settings

Population size 100
Window width 25 or 50
Initial terms (%) 30

Max generations 100

% at convergence 50
Mutation rate 0.005
Crossover Double
Fitness RMSECV
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into training and test sets. The consensus model was based on the
average of the predicted values of the PLS and NN models. The measured
vs. predicted plots of the regression models were edited in OriginPro
2018 software (OriginLab Corporation). The complete KNIME workflow
for the neural network and consensus models is shown in the Supple-
mentary Information (Fig. S2).

3. Results and discussion

In both classification and regression modeling, the pretreated spectra
were used. Fig. 1 shows the original (raw) and the transformed (baseline
correction + 1st derivative + SNV) average spectra. The exact spectrum
pre-scaling combinations will be specified in the classification and
regression sections.

3.1. Classification of the reinforcements in polypropylene composites

In the classification phase, we have split the IR dataset into four
groups, based on the major reinforcement fibers. The samples in the
groups contained the reinforcement materials in different ratios, more-
over additional fillers were also in the composite mixes. Here, our aim
was to explore the possibility of separation based on the applied re-
inforcements even if we have a noisy background with other compo-
nents in the composites. The grouping system is shown in detail in
Table 2. We have excluded the original reference composites, which
contained only PVA or PET in the polypropylene or polypropylene/
elastomer composites. Therefore, we have used 151 samples out of the
total 199 for the classification model. The average raw spectra of the
four classes can be seen in the Supplementary information (Fig. S3).
Based on the figure, we can safely say that three classes out of four have
very similar spectra, which are practically indistinguishable visually.
Only one class (talcum) stands out, but it would not be enough to
accurately classify the whole dataset.

We have used RF and XGBoost for the classification modeling with
the same validation protocols. At first, the dataset of the pre-scaled
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Table 2

The contents of the different classes in the model with the sizes of the groups (n).
Class Reinforcements Additional components n
1 Carbon fiber PVA/MAPP 30
2 Wood flour PET/PVA/MAPP 44
3 Glass fiber PET/PVA/MAPP 45
4 Talcum PET/PVA/MAPP 32

imbalanced distribution between the sizes of the classes. The summary
of the performances is shown in Tables 3 and 4.

Permutation tests were carried out in order to exclude the possibility
of overfitting. In the case of permutation test, the cross-validation of the
models was repeated ten times with randomized class memberships. The
accuracy of the RF and XGBoost models in the permutation test scenario
was decreased to 0.33 and 0.39 respectively, which is even worse than
the performance of the fully random scenario (accuracy = 0.5). This
result confirmed that the RF and XGBoost models are not overfitted.

Both models could provide outstanding classification based on the
reinforcements, however XGBoost model was a bit better in cross-
validation, therefore we have selected it as the best one. The ATR-
FTIR measurements coupled with tree-based machine learning models
are clearly capable of the determination of the different reinforcements
in the polypropylene composites.

3.2. Regression models to determine the quantitative features

In this section, the following three reference measurement data of
the composites were modeled: i) modulus, ii) toughness and iii) elon-
gation at break. These three reference measurements were the output
variables; therefore, the models predicted these reference values as the
outcome (as predicted values). The same pre-scaled spectra were used as
in the case of classification, and they can be considered as the input

Table 3
spectra (Baseline correction + 1st derivative + SNV) was split into Summary of the performance parameters for the two models.
training and test set in an 80:20 ratio. In the next step, 5-fold stratified v Test validation
and randomized cross-validation (CV) was applied in 10 iterations on Model
.. s ACC | BACC ACC BACC
the training set. The average of the probability values for each class and
. . . RF 0.983 0.980 0.935 0.917
for each composite sample were calculated based on the iterations.
Performance parameters, such as accuracy (ACC) and balanced accuracy XGBoost | 0.992 0.990 0.935 0.917
(BACC) were reported for the cross-validation and test validation part as
well. Balanced accuracy was important to calculate due to the slightly
11 0.18
9 A - 0.16
71 L 0.14
8
S 9 A
g F 0.12 §
o 3 s
3 Lo1 2
® o
c 11 2
é ey 0.08
1
° P
Q  0.06 =
5 31
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Fig. 1. The mean raw (black) and pre-scaled (Baseline correction + 1st derivative + SNV) (red) ATR-FTIR spectra of the whole spectral dataset.
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Table 4
Confusion matrices and F1 score values for the two models.
XGBoost model RF model
Ccv Class Predicted F1 score CcvV Class Predicted F1 score
1 2 3 4 1 2 3 4
Actual 1 23 1 0 0 0.979 Actual 1 23 0 1 0 0.979
2 0 35 0 0 0.986 2 0 35 0 0 0.986
3 0 0 36 0 1.000 3 0 0 36 0 0.986
4 0 0 0 25 1.000 4 0 1 0 24 0.980
Test Class Predicted F1 score Test Class Predicted F1 score
2 3 4 2 3 4
Actual 1 4 0 2 0 0.800 Actual 1 4 0 2 0 0.800
2 0 9 0 0 1.000 2 0 9 0 0 1.000
3 0 0 9 0 0.900 3 0 0 9 0 0.900
4 0 0 0 7 1.000 4 0 0 0 7 1.000

variables for modeling. PLS regression and KERAS neural networks were
used for regression modeling and we have combined the results of the
two models. Genetic algorithm was used as variable selection for models
with an initial population of 100 and 100 iterations. The validation
protocol was the same for all three cases: iterative randomized 5-fold
cross-validation (CV) was used in both PLS and NN models and the
datasets were split into training and test sets in a 75:25 ratio to verify the
performance of the models with an additional test validation. Further-
more, permutation tests were used to rule out overfitting in both the PLS
and NN models. The complete modeling workflow is shown in Fig. 2.

3.2.1. Prediction of modulus

In the prediction of modulus, the dataset originally contained 195
composite samples in the rows, and 3451 spectral variables in the col-
umns. Here, we have used baseline correction with the 1st derivative for
the PLS model and an additional SNV transformation for the NN model
as pre-scaling. The covered range of the reference modulus in the model
was between 1.3 and 13.4 GPa.

In the modeling workflow, PLS model was generated at first. Test
samples were separated in the beginning out of the 195 samples,
therefore the PLS modeling was carried out on 141 training samples. In
the variable selection part, the variable window size was 50. This way
the genetic algorithm was selected 950 variables out of 3451 for the final
modeling process. The selected variables are shown in Fig. S4A in the
Supplementary information. Five-fold randomized cross-validation and
a test validation part have been applied, and the optimal PLS model
contained 10 LVs according to RMSECYV values of cross-validation. The
performance of the PLS model is summarized together with the NN and
combined models at the end of the section in Table 5. The permutation
test has successfully proved that the PLS model was not overfitted.

In the next step, for the NN model, the previously selected 950 var-
iables were used as input data. At first, hyperparameter optimization
was applied for the determination of the optimal number of hidden
neurons in the dense hidden layers. We have used three dense layers,
and the final numbers of neurons were 227, 683 and 127, respectively.

Spectral
transformation

Training B

spectra

Variable
selection (GA)

The same test set was used for the NN model, as for the PLS model. For
the validation of the model, we have used both five-fold cross-validation
and an iterative test validation (changing the random seed in the neural
network node). Finally, the additional permutation test showed that the
NN-based model was not overfitted. The performance parameters of the
NN model are shown in Table 5.

In the final step, the predicted modulus values of the PP composites
based on PLS and NN models have been merged, and the average of the
predicted values was calculated for both cross-validation and test vali-
dation samples. The final performance parameters of the consensus (or
combined) model are shown in Table 5.

The measured and predicted modulus values based on the consensus
model are plotted in Fig. 3.

The performance parameters and the measured vs. predicted plot can
verify that the prediction of moduli is highly reliable based on the ATR-
FTIR spectra of the composites. While PLS model was a bit better in
cross-validation, the Consensus model was as good as PLS in test vali-
dation. Moreover, both models were clearly acceptable based on their
performance.

3.2.2. Prediction of tensile strength

In the case of tensile strength, we had 179 samples in the dataset,
with reference values between 17.6 and 62.3 MPa. This exclusion was
inevitable due to the insufficient number of composites above 62.3 MPa,
as the model would have been biased and not accurate enough in the
upper range of the tensile strength. Thus, we have used 136 samples for
the training and cross-validation of the model out of the 179 samples.

We have used baseline correction with the 1st derivative for the PLS
model and an additional SNV transformation for the NN model in the
pre-scaling section, similarly to the modulus prediction. Additionally,
we have applied standardization to the reference tensile strength values
in both cases.

For PLS modeling, 950 variables were selected with the same settings
as in the case of the modulus model based on genetic algorithm. The
selected variables are shown in Fig. S4B in the Supplementary

Modeling

PLS NN
CVv Cv

N oot ot

\ )
T

Consensus

Fig. 2. The complete workflow of the regression models. GA = Genetic algorithm, CV = 5-fold randomized cross-validation, Y = reference measurements.
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Table 5
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Summary of the performance parameters in the case of modulus prediction. Top values are

marked with green background and bold text.

Cv Test
Model PLS NN Consensus | PLS NN Consensus
R? 0.95 0.80 0.92 0.96 0.92 0.96
RMSE 0.49 0.96 0.60 0.52 0.75 0.55
MAE 0.38 0.59 0.39 0.37 0.53 0.35

A A a4
[« 22
I T R |
*
L
[ ]

Predicted modulus (GPa)

o

= = T B T i T = T g T = T = T
0 2 4 6 8 10 12 14 16
Measured modulus (GPa)

Fig. 3. Measured and predicted moduli are plotted against each other. Cross-
validation samples are marked with green circles, while test validation sam-
ples are marked with orange stars.

information. Finally, fourteen LVs were applied in the PLS model ac-
cording to the RMSECV values of cross-validation. Model performances
are summarized together jointly with NN and the consensus model in
Table 6. The model was successfully verified by the permutation test
against the overfitting.

In the case of NN, we have used the previously selected 950 variables
for modeling. Hyperparameter optimization selected the number of
neurons in the three dense layers as 122, 962 and 679, respectively. The
same repeated test validation protocol was used as in the case of moduli,
and the test validation samples were the same as in the PLS model. This
step can be very helpful to check the model stability. The permutation
test showed that the model was not overfitted. The performance pa-
rameters are summarized in Table 6. In the last step, we have combined

Table 6

the PLS and NN models into a consensus model in the same way as for
the prediction of moduli. These performance values are shown in Table 6
as well.

The measured and predicted tensile strength values based on the
consensus model are plotted in Fig. 4.

Based on the performance parameters of the models and the
measured vs. predicted plot of the consensus model, we can conclude
that the consensus model outperformed the single variants in both CV
and test validation. The model is acceptable for the prediction of the
tensile strength of the polypropylene composites in the examined range
based on ATR-IR spectra.

(X J *.... ‘..

Predicted tensile strength (MPa)

Measured tensile strength (MPa)

Fig. 4. Measured and predicted tensile strengths of the polymer composites.
Cross-validation samples are marked with green circles, while test validation
samples are marked with orange stars.

Summary of the performance parameters for tensile strength prediction. Top values are
marked with a green background and bold text.

CvV Test
Model PLS NN Consensus | PLS NN Consensus
R? 0.73 0.79 0.82 0.63 0.64 0.70
RMSE 5.53 4.95 4.56 4.73 4.65 4.22
MAE 433 3.72 3.56 3.89 3.66 3.60
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3.2.3. Elongation at break

Finally, the spectral dataset of polymer composites was applied to
the prediction of elongation at break. Here, we had 192 samples in total
with appropriate reference values, and we have used 145 samples for the
training and cross-validation of the models. The spectral pretreatment
was a bit different compared to the other two cases: here, SNV trans-
formation was used for both the NN and the PLS models. Thus, baseline
correction along with the 1st derivative and SNV transformation was
used for both modeling algorithms for the pre-scaling of the data. The
range of the reference values was between 0.6 and 24.5 %.

For PLS modeling, we have selected 775 optimal variables out of the
original set based on the genetic algorithm variable selection with the
window size of 25 variables. The selected variables are shown in
Fig. S4C in the Supplementary information. Eleven LVs were selected for
the best PLS model with the RMSECV values of cross-validation. The test
validation and permutation test verified that the model was robust
enough and not overfitted.

For NN, the previously selected 775 variables were used as input data
for modeling. The selected numbers of hidden neurons based on
hyperparameter optimization were 686, 551 and 445. After the test
validation and permutation test protocol (same as in the previous cases
with the same sample set as for the PLS modeling part), the model was
successfully verified against overfitting. The performance of the final
PLS and NN models, along with the consensus model (which was
calculated analogously to the previous cases) are shown in Table 7.

The measured and predicted elongation at break values based on the
consensus model are plotted in Fig. 5.

The performance parameters and measured vs. predicted plot clearly
show that the consensus model should be selected as the best one,
because it has clearly outperformed the single models in every perfor-
mance metric. The model is robust and accurate enough for the appro-
priate prediction of the elongation at break values of the polypropylene
composites based on their ATR-IR spectra.

Our presented regression models for the prediction of modulus,
tensile strength and elongation at break clearly supported the view that
the use of consensus modeling has a great advantage especially in those
cases, where i) we can detect nonlinearity in the relationship between
the input and output data, ii) or the applied reference experiments can
simply have larger errors (which can happen frequently, not just in
material science), therefore the performance of the models are limited.
Among the examined mechanical properties, the modulus is the least
sensitive to micromechanical deformation: during its determination, the
samples are subjected to very small forces, making local deformation
processes less pronounced. This procedure reduces measurement errors,
which can positively influence the accuracy of the prediction. Addi-
tionally, we have created the plots of the measured vs. predicted values
for all three cases with the marking of the different reinforcement groups
(see in Supplementary Information Fig. S5). Based on these figures, we
can conclude that the mechanical properties of composites containing
stronger reinforcing fibres exhibit higher values, although the accuracy
of prediction was not different between these groups.

With these three models, we have shown that the physical charac-
teristics of the samples can have an impact on light scattering, therefore
it will also influence the spectral intensities in certain regions. These

Table 7
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30

Predicted elongation at break (%)

T ) T . T 1 T T T T
0 5 10 15 20 25 30
Measured elongation at break (%)

Fig. 5. Measured and predicted elongation at break of the composites. Cross-
validation samples are marked with green circles, while test validation sam-
ples are marked with orange stars.

influences cannot be detected visually as well as the typical intensity
peaks in an IR spectrum, but chemometrics can help us overcome this
problem and easily find the important, but sometimes smaller details in
the spectra. To the best of our knowledge, there is no other study in the
literature which has found a proper correlation between the IR spectra of
polymers and their mechanical properties. This can pave the way to-
wards many indirect analyses, which have not been considered feasible
in the past decades, but machine learning and combined techniques
could help to reach this point.

This study is a proof of concept that spectral data in material science
are more valuable today than ever before, and they can be successfully
combined with machine learning algorithms to find fast, easy and
environmentally friendly alternatives to time-demanding experiments in
many cases.

4. Conclusion

In this work, we have combined IR spectroscopy with machine
learning tools for the determination of three mechanical characteristics
of polypropylene composites. We have successfully classified the com-
posite samples according to their reinforcements. Our XGBoost-based
classification model has achieved a balanced accuracy greater than
0.9, even for the test samples. In the case of mechanical features, the
three regression models combined the advantages of the classical PLS
and the machine learning-based neural networks in a consensus

Summary of the performance parameters in the case of elongation at break. Top values are

marked with green background and bold text.

CvV Test
Model PLS NN Consensus | PLS NN Consensus
R? 0.67 0.78 0.78 0.68 0.58 0.79
RMSE 2.94 2.40 2.40 2.43 2.76 1.97
MAE 2.27 1.87 1.84 1.94 2.01 1.49
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modeling workflow, which could outperform the single models in the
prediction of tensile strength (R%est = 0.70) and elongation at break
(R3est = 0.79). In the prediction of modulus values, the consensus model
performed similarly to the single PLS model (R¥est = 0.96). In summary,
our classification and regression models verified that the combination of
IR spectroscopy with multivariate chemometric tools can open new di-
rections in the qualitative and quantitative determination of the specific
characteristics of the polymer composites.
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