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ABSTRACT

Fourier Transform Infrared Spectroscopy (FTIR) is a powerful technique for polymer analysis. Con-
ventional FTIR analysis struggles with complex patterns, and expertise is required, limiting scala-
bility in high-throughput environments. Machine Learning (ML) offers a promising route to accel-
erate data processing by objectively identifying and classifying spectral patterns. This work aims
to identify polymers from their FTIR spectra with ML. A novel methodology inspired by chemical
intuition is proposed, combining unsupervised dimensionality reduction of the FTIR spectra, bond
fraction prediction via deep learning, and polymer identification through matching bond fraction
predictions with a reference file. Several architectures are explored, with direct polymer classifi-
cation used as a benchmark. Additionally, a Neural Network (NN) is designed to predict the oxi-
dative degradation state of poly(ethylene) and poly(propylene) samples. For the polymer bond
fraction prediction, the best results are obtained using a NN with latent values of the autoencoded
FTIR spectra as input, achieving a square root of the mean squared error of 0.023, and correspond
to the bond fractions from the polymer’s repeating unit. The highest classification accuracy (75%)
is obtained after augmenting both the reference file and spectral training data, using Euclidean
distance as a matching method to the reference file. The oxidation detection algorithm reached
100% accuracy by restricting the spectral range input to the carbonyl region (1, 800-1, 550 cm-"),
where oxidation features appear. The proposed methodology enables the identification of both
seen and unseen polymers during training, outperforming direct classification methods and estab-
lishing a scalable framework for automated polymer identification.
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INTRODUCTION

In the polymer industry, monitoring the production
process is crucial and is often done with infrared (IR)
spectroscopy [1]. The IR spectroscopy market is led by
Fourier Transform Infrared Spectroscopy (FTIR), essen-
tial for polymer identification, degradation, and detection.
However, FTIR analysis of polymers can be challenging,
particularly for copolymers, since their multiple types of
repeating units introduce more functional groups, leading
to greater peak overlap in the spectra than in homopoly-
mers.

Machine Learning (ML) has become a widely used
approach for automating complex data analysis,
https://doi.org/10.69997/sct.115711

Syst Control Trans 5:1899-1907 (2026)

significantly increasing efficiency compared to traditional
manual interpretation methods. In FTIR analysis, ML mod-
els show potential as a spectral interpretation aid to rap-
idly classify spectra and detect degradation state and
pattern nuances. A recent study by Herb et al. [2] demon-
strated that ML-based interpretation of FTIR spectra can
surpass human analysis, showing promise for automated
polymer characterization. A monolithic deep dense feed-
forward NN was used to classify 18 different microplas-
tics. The model achieved 100% precision and an F1-score
of 95%, reproducing the decisions of humans. In cases of
disagreements, misclassifications were attributable ei-
ther to mutual error or to inaccuracies in the human an-
notations. These findings highlight the potential of ML in
1899
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Figure 1. Methodology scheme. Abbreviations: FTIR, Fourier Transform Infrared Spectroscopy; LV, Latent Value;
NN, Neural Network; PCA, Principal Component Analysis; PC, Principal Component.

FTIR-based polymer analysis, not only in outperforming
human interpretation but also in enabling faster spectral
classification.

In many cases, dimensionality reduction of spectral
features via unsupervised learning is performed prior to
FTIR analysis of polymers. For instance, Angulo et al. [3]
applied PCA to reduce the dimensionality of the FTIR
spectral dataset before using it in ML algorithms, result-
ing in improved prediction accuracy. After dimensionality
reduction, different ML algorithms are applied in the lit-
erature to identify polymers from the reduced FTIR spec-
tral data as input. For example, deep learning employs
Multilayer Perceptrons (MLPs) to extract features from
raw data [4]. Due to their robustness to high-dimensional
inputs and noise, these algorithms have achieved some
of the best results [5, 6]. Nevertheless, usually more than
one ML algorithm is tested to enhance FTIR spectra anal-
ysis. For instance, Prezgot et al. [7] tested four different
ML algorithms, namely K-nearest neighbors, random for-
ests, Support Vector Machines (SVM), and MLP, to clas-
sify polymers from their thermo-gravimetric-FTIR spec-
tra. They used synthetic mixtures from pure spectra (2,
815 total, 27 samples), excluding CO2 and OH regions.
Probabilistic outputs enabled thresholding (0.7). SVM
performed best (F1 = 0.91, accuracy = 0.87), MLP next
(F1 = 0.90, accuracy = 0.85), and KNN worst (F1 = 0.84,
accuracy = 0.73). More papers explored more than one
architecture, with NN reaching the best performance with
an accuracy = 87.3% [8, 9].

Although valuable, the models from literature pre-
sent some limitations, such as only handling a small set
of polymers seen during training. This presents a gap for
the high-throughput environment of laboratories where a
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large number of polymers are being evaluated, including
new ones. In order for ML to serve as an aid in FTIR anal-
ysis of polymers, it requires algorithms capable of accu-
rately identifying a larger set of polymers beyond the in-
itial training set. Thus, developing more generalizable ML
models is essential to support reliable and efficient poly-
mer characterization in research environments.

This brings the novelty of this work, which aims to
create and evaluate ML models capable of reliably iden-
tifying a broader range of polymers, including copoly-
mers, beyond the original training set. By giving particular
emphasis to copolymers during model development, the
algorithm is trained to handle complex spectral patterns
and to discriminate between overlapping absorption
bands more effectively. To achieve this, a novel method-
ology based on chemical intuition is developed in which
deep learning models predict polymer bond fractions di-
rectly from spectral data after dimensionality reduction,
which are subsequently matched against a reference file
for identification. A traditional NN for direct polymer clas-
sification is used as a benchmark against literature mod-
els. In addition, the study aims to assess the oxidative
degradation state of poly(ethylene) and poly(propylene)
samples, which is a relevant parameter since it is an indi-
cation of the polymer's photo- or biodegradation.

METHODOLOGY

Figure 1 shows a simplified scheme of the method-
ology for polymer identification described in this section.

Data Collection
The newly collected database used for polymer
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classification contains 105 FTIR spectral data of 41 dif-
ferent polymers (22 homopolymers and 19 copolymers).
Spectra were collected in CSV (.csv) format from open
sources [10, 11] and contributions from members of Insti-
tuto Superior Técnico, in both transmittance and absorb-
ance. Some information was missing, such as the mono-
mer proportions of copolymers, the spectrometer used
for spectral acquisition, and the degradation state of the
samples. As the methodology aims to enable polymer
identification from FTIR spectra originating from any
source and at any degradation stage, all data were incor-
porated into the final database. In addition, a database
was developed to assess the oxidative degradation state
of poly(ethylene) and poly(propylene). This database
contains 93 spectra: 49 poly(ethylene) spectra (including
both high- and low-density poly(ethylene), with 41 non-
oxidized and 8 oxidized) and 44 poly(propylene) spectra
(35 non-oxidized and 9 oxidized). In addition to these two
databases that will be used for training and testing the
developed algorithms, new experimental measurements
were performed as a secondary test for the algorithms.
This addition database contains fifteen FTIR spectra of
14 different polymers, degraded and non-degraded.
These were collected in the laboratory using a Spectrum
Two spectrometer (PerkinElmer, USA) coupled with a
universal ATR accessory (PerkinElmer, USA). The spectra
were obtained at 4 cm™ resolution at eight scans of data
accumulation.

Data Preprocessing

First, spectra exhibiting low signal-to-noise ratios
were excluded from the dataset. Particularly, spectra
with excessive baseline distortions rather than expected
variations caused by instrument drift or sample condi-
tions. To make units uniform, all FTIR spectra in transmit-
tance were converted to absorbance. Additionally, all
wavenumbers were converted into integers, intensity
values were rounded to four decimal points, and empty
values were replaced with zero, indicating no signal at
the corresponding wavenumbers. In spectra with fewer
data points available, intensity values were interpolated
to fit a common range of 4, 000-650 cm'. All data were
then reduced to 336 spectral points by retaining intensity
values at every 10 cm interval within the specified range.
The reduced spectra closely match the originals. After-
wards, baseline correction with asymmetric least squares
smoothing as implemented in irfpy.ica 3.13.8, smoothing
with the Savitzky-Golay filter, and standardization were
applied.

The database for polymer identification was split
into one training set and two test sets. Test set 1 contains
four repeats (spectra of polymers present in the training
set), and test set 2 contains four singles (spectra of pol-
ymers not present in the training set). Moreover, both
test sets were used for design choices of the models to
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optimize their performance. The limited size of these test
sets reflects the overall scarcity of available data. For a
more robust assessment of the model's performance, an
additional test set containing 15 newly measured experi-
mental FTIR data, described in the previous section, is
used. The database for oxidative degradation state de-
tection was split into one training set and one test set.
The test set contains nine spectra and was used in ad-
justing the model design. Also in this case, an additional
test set was created, containing the two low-density
poly(ethylene) samples collected in the laboratory: one
oxidized and one non-oxidized.

Finally, the bond types present in all polymers from
the database used for polymer identification were identi-
fied based on their repeating units, resulting in a total of
12 unique bond types: C-C (aromatic), C=C, C-C (single),
C-Cl, C-H, C=N, C-N, C=N, C=0, C-0, N-H, and O-H. The
fractions were calculated by dividing the number of
counts of each bond type within the repeating unit by the
total number of bonds in that unit.

Machine Learning Model Architecture

To frame the choice on the algorithm methodology,
it is worth recalling the human reasoning behind polymer
identification from FTIR spectra. The analyst first identi-
fies the peak positions and intensities. The peaks are
matched to bonds and their vibrational modes, which are
used to determine the functional groups present in the
sample. Finally, the polymer identity is inferred based on
the overall functional group composition. In this work, an
analogous strategy was employed.

First, two unsupervised learning methods were used
to reduce spectral features. The 336 spectral points of
each spectrum were reduced into five features using
Principal Component Analysis (PCA) and an Autoencoder
(AE), comprising of an encoder and a decoder. After fea-
ture reduction, four NN models were developed, each
differing in the combination of input features and target
outputs. The inputs consisted of either the five principal
components (PCs) from PCA or the five latent values
(LVs) extracted from the AE, while the outputs were de-
fined as either the polymer identity (classification) or the
polymer bond fractions (regression), resulting in four dif-
ferent architectures. Hyperparameter tuning was per-
formed with Optuna’s TPE sampler, and early stopping
based on a 20% validation set was employed. After se-
lecting the optimal configuration, model performance
was evaluated using 5-fold cross-validation, changing
splits between the training and validation set while keep-
ing the test set fixed. To reduce variance and improve
robustness, the entire procedure (hyperparameter tuning
followed by 5-fold cross-validation) was repeated with
five different random seeds, and the resulting 25 models
were ensembled. In the direct polymer classification al-
gorithms, ensemble predictions for each sample were
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obtained by averaging class probabilities across the 25
models, with the class of highest mean probability as-
signed as the final prediction. When evaluating the mod-
els predicting bond fractions, outputs were also obtained
from the average of a 25-model ensemble. After bond
fraction predictions, the corresponding polymer identi-
ties were assigned by matching the predicted bond frac-
tions to a reference file. The reference file was manually
created and corresponds polymers to their theoretical
bond-fraction compositions, calculated from their re-
peating units. As bond-fraction variance across different
polymers is often low (~0.02 in the training set), small
prediction errors can cause misclassification. Therefore,
the reference file should be customized to the target pol-
ymer set when possible. In this work, the file was con-
strained to the polymers present in all datasets. For each
prediction, the three closest matches within a cluster of
the reference file from k-means clustering (k=6) were de-
termined using K-Nearest Neighbors (KNN), cosine simi-
larity, and Mahalanobis distance. Additionally, the three
closest matches across the entire reference file were
computed using Euclidean and weighted Euclidean dis-
tances, with higher weights assigned to rarer bonds (e.g.,
C=N).

Finally, a NN was developed to classify poly(eth-
ylene) and poly(propylene) samples as oxidized or non-
oxidized based on their FTIR spectra. The baseline archi-
tecture was similar to the one for direct polymer classifi-
cation, except that it returned probabilistic outputs for bi-
nary classification, predicting class 0 (non-oxidized) or
class 1 (oxidized).

Different architecture choices for both tasks were
tested and are further explained in the Results and Dis-
cussion section. To evaluate ML algorithms through
quantitative measures, seven performance metrics were
employed: accuracy, precision, recall, and F1-score for
classification outputs; and Root of the Mean Squared Er-
ror (RMSE), Mean Absolute Error (MAE), and Coefficient
of Determination (R?) for regression outputs.

Data Augmentation

To calculate the polymers' bond fractions in the ref-
erence file, the monomer ratios in copolymers were ini-
tially assumed to be equal to one, which does not reflect
real-world compositions. This assumption was made, as
this information is typically not available due to manufac-
turers' withholding formulation details to protect proprie-
tary compositions. To surpass this problem, the refer-
ence file was augmented by systematically varying the
monomer feed ratios for all copolymers, generating 10
distinct variations of each. The ratios were generated au-
tomatically by randomly sampling percentages within
predefined minimum and maximum ranges for each mon-
omer, based on the most reported range of that monomer
in each specific copolymer. The sampled values were
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constrained to sum to 100 and then reduced to their sim-
plest integer ratio. For each copolymer, nine random
combinations plus the equal-ratio case were generated
deterministically using a fixed seed to guarantee repro-
ducibility.

Additionally, copolymer spectra in the training set
were augmented by generating multiple replicas in which
independent Gaussian noise was applied separately to
wavenumber (x-axis) and intensity (y-axis) values. Each
augmented spectrum contained a unique noise realiza-
tion, ensuring variability across all generated spectra.
This strategy simulates realistic spectral variations
caused by instrument drift or different sample conditions
and trains the NNs to remain robust to slight peak dis-
placements, improving their ability to correctly identify
polymers. If each copolymer spectrum from the training
set was replicated ten times, each spectrum was paired
with one of the ten available bond fraction combinations
for that copolymer, without any repetition across repli-
cas. To avoid data imbalance, homopolymer spectral
data were also augmented following the same method,
with each spectrum paired with the homopolymer unique
bond fraction combination. Different combinations were
tested: 10 x copolymers (model AUG-1), 5 x homopoly-
mers (model AUG-2), 5 x copolymers + 5 x homopoly-
mers (model AUG-3), 5 x copolymers + 10 x homopoly-
mers (model AUG-4), 10 x copolymers + 10 x homopoly-
mers (model AUG-5), 10 x copolymers + 8 x homopoly-
mers (model AUG-6), and 10 x copolymers + 4 x homo-
polymers (model AUG-7).

RESULTS & DISCUSSION

Dimensionality Reduction of Spectral
Features

In the PCA analysis, the first five PCs explain 0.36,
0.12, 0.11, 0.071, and 0.056 of the variance, respectively,
summing to 0.72 of the total spectral variance. This
means that the five PCs retain a total of 72% of the orig-
inal information contained in the FTIR spectra. While this
provides a substantial reduction in dimensionality with a
majority of the variance preserved, the remaining 28%
may contain chemically relevant information. However,
the impact of this reduction will only be more evident with
the evaluation of the ML model's performance. The AE
achieved an RMSE of 0.30, an MAE of 0.19, and an R? of
0.91 between the original and reconstructed spectra,
showing that the five LVs are representative of the entire
spectra range and can accurately compress the spectral
data into lower dimensions.

Neural Network Architectures for Polymer
Bond Fraction Predictions

Baseline Architecture
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RMSE, Square Root of the Mean Squared Error.

The baseline architecture to predict polymer bond
fractions from their FTIR spectra uses (1) an input size of
five, corresponding to the reduced FTIR dimensions ex-
tracted either as PCs from PCA or as LVs from an AE, (2)
two hidden layers, (3) a 25-model ensemble, and (4) the
entire spectral range available (4, 000-650 cm™). The
PCs NN achieved a RMSE of 0.041, a MAE of 0.026, and
a R? of 0.94 for test 1 and a RMSE of 0.051, a MAE of
0.032, and a R? of 0.91 for test 2. The LVs NN improved
performance, reaching a RMSE of 0.030, a MAE of 0.020,
and a R? of 0.97 for test 1, and a RMSE of 0.040, a MAE
of 0.024, and a R? of 0.95 for test 2. Contrary to PCA,
which is restricted to linear projections, the AE learns
non-linear spectral relationships, preserving more infor-
mation of the spectra, such as subtle variations in ab-
sorption bands, peak shapes, and overlapping vibrational
modes [12]. Therefore, the LVs, obtained from the AE, are
expected to perform better as NN inputs than the PCs
obtained from PCA and align with the results obtained.
Papers in the literature achieved similar conclusions,
where LVs NN outperformed PCs NN [13, 14]. Neverthe-
less, the PCs NN still achieves high performance while
being computationally faster and less expensive than the
LVs NN.

Different Input Sizes
Estevao et al. / LAPSE:2026.0440
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Both PC- and LV-based NN models were further
evaluated using different input sizes ranging from six to
ten. The evolution of RMSE with the increasing input size
is shown in Figure 2 for all NNs. The best results were
obtained for the input size of eight with the LVs NN,
which achieved the lowest prediction error and best fit
across both tests (an RMSE of 0.025 and 0.033 and a R?
of 0.98 and 0.96 for test sets 1 and 2, respectively), indi-
cating superior generalization capability to new spectra
compared to the other architecture designs. This input
size was chosen for further analysis.

Different Number of Hidden Layers

The models were then tested with an additional hid-
den layer, resulting in NN architectures with three hidden
layers. This configuration was included in the hyperpa-
rameter tuning using the same parameters for the first
two hidden layers described in the Methodology section.
The three-layer NN showed a consistent decrease in pre-
dictive performance across all evaluation metrics (RMSE,
MAE, and R?) for both input representations (PCs and
LVs). This indicates that adding a third hidden layer in-
creased the NN's complexity more than what was optimal
for the available data, possibly fitting noise during train-
ing, thus reducing its generalization capability and
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leading to potential overfitting. Thus, the architectures
with two hidden layers were kept for further analysis.

Different Ensemble Sizes

The NNs were then tested with different ensemble
sizes. First, the best model for each seed was saved in
training, and an ensemble of the five models was evalu-
ated. Afterwards, ensemble sizes from 1 to 25 were
tested, considering random combinations of the 25 mod-
els saved during training. The evolution of R? is shown in
Figure 3.

In Figure 3, the performance stabilizes at the 14-
model ensemble for the PCs NN, reaching a R? of 0.95 for
test 1 and a R? of 0.94 for test 2. In the plot, the benefit
of ensembling is more pronounced for the LVs NN, as the
R? values rise steeply from 0.66 to 0.94 and from 0.60 to
0.92 for test sets 1 and 2, respectively, from the 1- to 3-
model ensemble. The values stabilize at a R? of 0.97 for
test 1 (11-model ensemble) and at a R? of 0.96 for test 2
(14-model ensemble). For test 1, R? increases again at the
22-model ensemble to 0.98.

Nonetheless, the best results were obtained for the
5-model ensemble, considering the best model of each
seed, reaching a RMSE of 0.036, a MAE of 0.021, and a
R? of 0.95 for test 1 (spectra of polymers seen in training)
and a RMSE of 0.050, a MAE of 0.029, and 0.92 for test
2 (spectra of polymers not seen in training), with the PCs
NN, and a RMSE of 0.020, a MAE of 0.010, and a R? of
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0.98 for test 1 and a RMSE of 0.025, a MAE of 0.013, and
0.98 for test 2, with the LVs NN. Thus, the best perfor-
mance was achieved for the LVs NN and the 5-model en-
semble was chosen for further analysis.

Different Spectral Ranges

Finally, the NN was evaluated with the spectral
range restricted to the fingerprint region (1, 500-400 cm-
). The performance decreased for both NNs for test set
2, with a sharper decline for the LVs NN, where the RMSE
increased from 0.025 to 0.049, the MAE increased from
0.013 to 0.025, and the R? decreased from 0.98 to 0.92.
This can be related to the missing part of the spectra
(651-400 cm™). Moreover, the fingerprint region is char-
acterized by highly overlapping peaks, which compli-
cates their differentiation, further contributing to the
lower performance. The variations in test 1 were less pro-
nounced (= 0.2).

Final Architecture

The final architecture selected for polymer identifi-
cation is the one that performs best on bond fraction pre-
dictions, considering the two test sets evaluated and the
performance metrics employed (RMSE, MAE, and R?) and
contains an input size of eight, two hidden layers, a 5-
model ensemble (best of each seed), and spectra in the
range of 4, 000-650 cm™. Although the LVs NN per-
formed best, the polymer identification task will also be
evaluated with the PCs NN.

1904



Polymer Identification from Bond Fraction
Predictions

Although polymer bond fraction prediction shows
high predictive performance, this does not fully translate
into the polymer identification task. Initially, the highest
classification accuracies for test sets 1 and 2 were 75%
and 25%, respectively, with Euclidean and weighted Eu-
clidean distances for the LVs NN. The low accuracy when
predicting new polymers can arise from limitations in the
reference bond fraction file, which assumes a monomer
ratio of one for all copolymers. In contrast, training and
test set data are based on experimental data, where pol-
ymer monomer ratios deviate from unity. To address
these issues, data augmentation was applied to generate
different bond fraction combinations of each copolymer
in the reference file, considering different monomer ra-
tios, as described in the Methodology section. The best
performance was obtained for the LVs NN with the model
AUG-5 and the Euclidean distance as a matching method.
With the augmented dataset, the bond fraction prediction
achieved a RMSE of 0.032, a MAE of 0.011, and a R? of
0.98 for test 1 and a RMSE of 0.032, a MAE of 0.010, and
a R? of 0.99 for test 2. An accuracy of 100% and 50% was
obtained alongside an F1-score of 73% and 29% for test
sets 1 and 2, respectively. The main struggle was to dis-
criminate between polymers with similar structures.
Since the bond fraction variance across different poly-
mers is small (~0.02 in the training set), a small error in
the prediction is enough to predict the wrong polymer.

The average accuracy achieved (75%) was smaller
than those obtained by the studies in the literature (=
87.3%). However, the accuracy for identification of poly-
mers present in the training dataset, that has been the
focus in literature, is 100% in this work. Moreover, with
the proposed method, it was possible to identify poly-
mers not seen in training, contrary to the work in the lit-
erature. Although the results are promising, the perfor-
mance cannot be reliably assessed based solely on test
sets 1 and 2, as their limited size (eight polymers: four
seen during training and four new ones) cannot provide a
representative evaluation of the model’'s generalization
capability. Furthermore, certain methodological deci-
sions, such as the ensemble size selection, were influ-
enced by these test sets, which is not ideal from a vali-
dation standpoint. Therefore, additional experimentation
is required to obtain a more robust evaluation.

Direct Polymer Classification vs. Bond
Fraction Regression

Two NN approaches were tested: (i) direct polymer
classification and (ii) bond fraction prediction followed by
matching with a reference file. The former is mostly used
in literature and is therefore used as a benchmark against
bond fraction prediction to demonstrate its added value.
The bond fraction approach consistently outperformed
Estevao et al. /| LAPSE:2026.0440
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direct classification. Moreover, it learns spectral-chemi-
cal mappings to continuous value outputs, enabling inter-
pretable assessment via RMSE, MAE, and R?, and tracing
errors to specific bonds. Direct classification predicts
discrete labels, making the task more challenging, need-
ing large datasets, and is not able to identify polymers
not seen during training. Finally, predicting bond fractions
lies in reduced label sparsity: there are many possible
polymers but comparatively few bond types. This ena-
bles the NN to exploit chemical similarities across differ-
ent polymers, improving learning efficiency under data-
limited conditions. In this study, the predictions were lim-
ited to the 12 different bond types present in the training
data. However, the approach can be easily extended to
additional bonds if included in extended databases. While
both architectures were tested, the NN for direct polymer
classification proved unsuitable for this study’s goals,
achieving 0% accuracy when predicting polymers not
seen in training (test set 2) for both NNs (PCs and LVs
input). For test set 1 (predicting polymers present in the
training set), the accuracy was 25% for both NNs. Due to
the limitations mentioned, a thorough analysis and opti-
mization of the NN for direct polymer classification was
not performed, with only the baseline model described in
the Methodology section being evaluated. Contrarily, the
superior generalization capability and robustness of the
bond fraction approach justified focusing on this archi-
tecture for a comprehensive analysis.

Oxidative Degradation State Detection

The baseline model (model OD-1) for oxidative deg-
radation state detection of poly(ethylene) and poly(pro-
pylene) samples considered the entire spectra range for
analysis, achieving low accuracy (0.33) for both NNs
(PCs and LVs input), with all oxidized samples misclassi-
fied.

The initial low performance is related to the data-
base that exhibits a class imbalance, with more non-oxi-
dized samples than oxidized. To resolve this imbalance
and enhance model performance, data augmentation
was applied to create three repeats of each oxidized
spectrum by introducing Gaussian noise to both the
wavenumber (x-axis) and intensity (y-axis). The augmen-
tation was made reproducible by adding a seed to the
noise added. The performance metrics significantly im-
proved for the LVs NN, achieving 100% accuracy (model
OD-2). Data augmentation also improved the results in
the literature [15, 16].

A different method was tested to improve classifi-
cation performance, considering a model similar to model
OD-1 but restricting the spectra range to 1800-1550 cm-~
' (model OD-3), around the carbonyl functional group,
where peaks related to oxidation appear. Although the
overall accuracy did not improve, an increase of Area Un-
der Receiver Operating Characteristic Curve (AUC) was
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verified, suggesting that the restricted spectral region
enhances the model’s ability to discriminate between ox-
idized and non-oxidized samples, demonstrating supe-
rior threshold-tuning potential. This effect can be at-
tributed to the increased predominance of oxidation fea-
tures, particularly carbonyl absorptions, within the nar-
rowed spectral range. However, spectral restriction alone
was insufficient to overcome the challenges posed by
class imbalance, despite the enhanced class discrimina-
tion reflected in the AUC. Thus, data augmentation was
also applied for this spectral range (model OD-4), achiev-
ing 100% accuracy. The results show that targeted spec-
tral range selection can improve classification accuracy
compared to approaches relying solely on PCs or LVs,
which focus on the overall polymer composition, while
decreasing computational cost. The study by Yan et al.
(2023) [17] supports this finding. They evaluated various
spectral ranges for microplastic detection and found that
augmenting spectra limited to the fingerprint region
yielded the best performance across multiple datasets
and ML models, including NN.

Additional Testing

Additional testing for both models was employed,
considering model AUG-5 with Euclidean distance as the
matching method to the reference file to assess the al-
gorithm's performance in identifying polymers and model
OD-4 to evaluate the oxidative degradation state algo-
rithm. For both polymer identification and oxidative deg-
radation state detection, the LVs NN were used.

The algorithm to predict the bond fractions
achieved a RMSE of 0.063, a MAE of 0.028, and a R? of
0.83. Although the performance decreased compared to
model AUG-5, the results indicate high accuracy in esti-
mating bond fractions from FTIR spectra, suggesting ef-
fective feature extraction and robust generalization
across polymer structures. However, with the proposed
matching method via the reference bond fractions file,
the model only predicted three homopolymers out of the
15 polymers accurately. The misclassifications occur be-
tween polymers with similar bonds and structures, such
as polyolefins, which is a limitation that data augmenta-
tion in the reference file alone cannot address and is
common in the literature [2, 6, 18].

The algorithm for oxidative degradation detection of
poly(ethylene) and poly(propylene) was evaluated for
two low-density poly(ethylene) samples: one oxidized
and one non-oxidized. The algorithm correctly classified
the oxidized sample. However, the non-oxidized
poly(ethylene) sample was misclassified as oxidized,
contrary to the 100% performance obtained previously.
This is related to the original test set, which only con-
tained nine samples, which were not sufficient to cor-
rectly assess the model's performance.
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CONCLUSIONS

The findings of this work show that the proposed
bond fraction-based methodology enables the classifi-
cation of FTIR spectra of both known and previously un-
seen polymers, surpassing direct classification ap-
proaches that are limited to previously known classes.
This has significant implications for laboratory and indus-
trial contexts where large numbers of polymers are ana-
lyzed, and novel materials are frequently introduced.
Moreover, the oxidative degradation algorithm achieved
high performance, showing that focusing on chemically
relevant spectral regions improves model performance.
Despite these contributions, this study exhibits some lim-
itations, mainly due to data scarcity and incomplete data
availability (e.g., missing true monomer ratios for copoly-
mers). For instance, the algorithm struggles to discrimi-
nate between polymers with highly similar bond struc-
tures, particularly among polyolefins. Future research
should focus on improving differentiation between struc-
turally similar polymers. Another limitation is that the
model is restricted to predicting the 12 bonds seen during
training: C-C (aromatic), C=C, C-C (single), C-CI, C-H,
C=N, C-N, C=N, C=0, C-0, N-H, and O-H, which are not
representative of all existing polymers. For instance, C-F
bonds are characteristic of fluoropolymers such as poly-
tetrafluoroethylene, and C-Br bonds may appear in bro-
minated flame-retardant polymers such as poly(2, 6-di-
bromophenylene oxide). However, the approach can be
easily extended to additional bonds if included in ex-
tended databases, such as polymers without carbon in
their backbone (e.g., silicones). Additionally, expanding
the reference file, particularly with diverse copolymers
and blends, is also necessary to expand the possible pol-
ymer outputs. Finally, for the time available for this work,
a decision was made to focus on improving the NN model
by evaluating different architectures rather than testing
different algorithms to compare performance. However,
future work should include exploring different algorithms
for bond fraction prediction and matching with the refer-
ence file. Nonetheless, the methodology establishes a
solid foundation for the development of more versatile
polymer identification systems, contributing to the ad-
vancement of automated spectroscopic analysis.
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