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Abstract

Advances in Industry 4.0 manufacturing have accelerated the adoption of machine learning
(ML) for automated classification. Polyester (PES), a widely used synthetic fiber, competes
with natural fibers like cotton and other synthetics, highlighting the need for continuous
research and improvement. In the textile sector, distinguishing recycled polyester (rPES)
from virgin polyester (vPES) remains challenging due to overlapping chemical signatures
and material variability. A combination of Fourier transform infrared (FTIR) spectroscopy
and ML has not been explored for this purpose. In this study, we evaluated ML models to
discriminate three PES fiber types (45 vPES, 65 rPES, and 55 mixed PES) using 165 FTIR
spectra across four spectral regions, R1, R2, R3, and R4, as well as their combined represen-
tation. Six ML approaches were tested on data reduced with fast independent component
analysis (FastICA) (1–30 components) using an 80/20 train–test dataset split. The Decision
Tree classifier achieved the highest Accuracy in four of the five spectral evaluations, with
classification accuracies ranging from 66.67% to 77.78% for region R4, which also had a
balanced classification profile with an area-under-the-curve (AUC) value of 0.81. Notably,
despite the moderate overall Accuracy, the model achieved 100% discrimination of rPES
when distinguishing it from both mixed and vPES. Mixed fibers remained the most difficult
to classify, highlighting the need for improved feature representation.

Keywords: polyester fibers; infrared spectroscopy; machine learning; classification; Industry
4.0; textile industry

1. Introduction
Polyester (PES) is one of the most widely used synthetic fibers in the textile industry,

accounting for approximately 59% of global fiber production—around 78 million tons in
2024 [1]—yet less than 1% originates from post-consumer textiles [2]. Its widespread use is
driven by its versatility, durability, cost-effectiveness, and ease of blending with natural
fibers [3,4], which are also competitors striving to maintain their market shares [5,6]. As the
textile sector progresses toward Industry 4.0, the integration of data-driven technologies
and intelligent manufacturing systems has become increasingly important for enhancing
production efficiency and ensuring reliable material traceability.

Recycled polyester (rPES), predominantly derived from post-consumer PET bottles,
represented roughly 12% of the total polyester market in 2023/2024, corresponding to about
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9.3 million tons [1]. By repurposing existing plastic waste, rPES contributes to circular
economy strategies and reduces the environmental impact [7], offering advantages over
natural fibers such as cotton, whose cultivation consumes large amounts of water and can
threaten global aquifers [6]. Advances in manufacturing and quality-control technologies,
including machine learning (ML), have significantly improved rPES properties, enabling
performance comparable to virgin PES (vPES) [8,9].

Mechanical recycling remains the most common pathway for rPES production, in-
volving collection, sorting, washing, and reprocessing of PET waste [10,11]. However,
mechanical processes may induce fiber shortening and reduced mechanical strength due to
inter-fiber friction [11]. Integrating smart manufacturing solutions and ML-based monitor-
ing can help mitigate these limitations through real-time optimization. Chemical recycling,
which depolymerizes polyester via glycolysis, methanolysis, or hydrolysis [2,12], yields
material quality comparable to vPES [13], though it is generally more energy-intensive and
costly [14]. Emerging Industry 4.0 methodologies, including artificial intelligence (AI) and
ML-driven process analytics, present promising routes to increase efficiency and scalability
in both recycling approaches [15,16].

AI has been increasingly applied to textile fiber identification, classification, and
property prediction, offering greater speed, accuracy, and scalability than traditional
methods. Several studies highlight the potential of ML for textile classification [17,18].
Kainz et al. [19] evaluated supervised and unsupervised deep learning models for au-
tomated material identification under Industry 4.0 manufacturing paradigms. Tsai and
Yuan [20] and Zhou et al. [21] analyzed different types of fibers, including cotton, Tencel,
wool, cashmere, polyethylene terephthalate, polylactic acid, and polypropylene, using
spectroscopy and pattern recognition models to support automated recycling and circular
economy applications. Similarly, Valentino M. et al. [22] applied a microscopy technique
combined with ML to rapidly distinguish cashmere from wool, streamlining quality assess-
ment and counterfeit detection. In the same context, Tan et al. [23] proposed an ML-based
method to distinguish cashmere from other animal fibers, aiming to improve reliable
identification and prevent adulteration of cashmere products.

The combination of Fourier transform infrared (FTIR) spectroscopy ML has recently
gained substantial attention as a rapid, non-destructive, and highly accurate approach for
fiber identification and characterization. Several studies have demonstrated that supervised
ML models applied to FTIR spectra enable reliable discrimination between natural and
synthetic fibers. For instance, in historical textiles, FTIR spectra of wool and silk were
classified with accuracies ranging from 90.48 to 92.31% [24]. Likewise, a dataset of more than
4000 FTIR spectra from 61 natural, regenerated, and synthetic fibers was analyzed using
discriminant analysis and random forest models, achieving 99% discrimination accuracy
and confirming the method’s applicability in cultural heritage, forensic, and industrial
domains [25]. FTIR coupled with ML has also been used to classify jute–sisal blends with
100% accuracy [26], and FTIR combined with principal component analysis (PCA) and
discriminant analysis enabled the classification of 89 single- and two-component fibers (e.g.,
cotton–polyester, wool–polyamide, viscose-based textiles), while also supporting semi-
quantitative composition estimation [27]. In forensic applications, FTIR spectra of over
100 natural and synthetic fibers, such as cotton, wool, terry wool, and diverse polymeric
fibers, were processed using ML algorithms, resulting in discrimination accuracy values
between 96.53 and 100% [28].

For PES fibers, however, most AI and ML-driven research has focused on predicting
structural properties, including molecular orientation, crystallinity, and fiber diameter, as
well as mechanical performance (e.g., strength, elongation, and tenacity) [29–32]. Nonethe-
less, studies dedicated to blend quantification are beginning to emerge. Spectroscopic
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methods integrated with chemometrics and ML algorithms have shown promising capabili-
ties in distinguishing chemical structures and degradation-related functional groups in PES
fibers [33]. Mäkelä et al. [34] applied hyperspectral near-infrared (NIR) imaging combined
with ML-based calibration to predict PES content, while Cura et al. [35] demonstrated
that NIR spectroscopy provides effective textile-waste classification. Similar contributions
can be found in [36,37]. Despite these advances, model performance may be negatively
affected by sample thickness, multilayered textile structures, aging or chemical degradation,
surface wrinkles, and moisture content [38]. These factors highlight the need for robust ML
models capable of handling real-world variability, particularly in smart manufacturing and
textile-recycling environments.

As far as we were able to verify, only a few studies have attempted to distinguish
between vPES and rPES [39,40], and notably, none of these works employ AI or ML meth-
ods. This gap is particularly relevant, as accurate discrimination between vPES and rPES is
essential for sustainable manufacturing, traceability, and regulatory compliance, and AI-
or ML-driven approaches have strong potential to boost this capability by enabling more
robust, scalable, and data-driven differentiation [41,42]. The importance of developing
such reliable differentiation methods becomes even more evident when considering that
mechanical and chemical recycling pathways differ substantially in environmental impact,
and misclassification can lead to greenwashing [43–46]. Certifications such as the Global
Recycled Standard (GRS), Recycled Claim Standard (RCS), SCS Recycled Content Standard,
and ISCC PLUS require transparent and verifiable traceability [1]. In this context, analyt-
ical methods supported by ML and advanced data analytics, aligned with Industry 4.0
principles, can strengthen quality assurance, improve verification of supplier declarations,
and enhance transparency in sustainable textile supply chains—particularly because visual
inspection cannot reliably distinguish between vPES and rPES fibers.

The aim of this study is to discriminate three types of PES fibers (vPES, rPES, and
a combination/mix of both—mPES) using 165 FTIR spectra and ML models. Different
spectral regions were analyzed and six ML classifiers were tested using FTIR data selected
via the ANOVA F-value method (p < 0.05) and reduced to 1–30 components through
fast independent component analysis (FastICA), a data dimensionality reduction (DDR)
technique selected based on our previous work on FTIR data analysis [16] where it showed
better results compared to other DDR approaches.

2. Materials and Methods
2.1. Infrared Spectra Dataset Acquisition

FTIR spectra were acquired from PES fibers. For each individual fiber strand, spectra
were collected at five distinct points along its length in order to account for local hetero-
geneity and to ensure independent measurements. Each measurement was performed on a
single strand, not on fiber bundles or multiple strands simultaneously. In total, 165 spectra
were obtained: 45 vPES, 65 rPES, and 55 mPES. These individual measurements were
used as separate samples for subsequent ML analyses, with all spectra obtained from the
same fiber always assigned to the same training or test set, thus avoiding any information
leakage between datasets.

Spectral acquisition was performed using a PerkinElmer Spectrum BX FTIR System
spectrophotometer (PerkinElmer Inc., Waltham, MA, USA) equipped with a deuterated
triglycine sulfate (DTGS) detector. Spectra were collected in attenuated total reflectance
(ATR) mode using a PIKE Technologies GladiATR accessory (PIKE Technologies, Madison,
WI, USA). Each spectrum corresponded to the average of 32 scans, recorded at a spectral
resolution of 4 cm−1, covering the wavenumber range from 4000 to 600 cm−1. Instrument
control and data collection were performed by the manufacturer’s proprietary software.
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To minimize the influence of confounding variables, fibers of comparable diameter
were selected by visual inspection under an optical microscope. No surface treatments or
finishing processes were applied prior to spectral acquisition. All samples were sourced
from controlled production batches and showed no spectral evidence of oxidative degra-
dation. Moisture interference was considered negligible, as the O-H stretching band
(3200–3600 cm−1) was not present in the acquired spectra and this region was not included
in the ML models.

All FTIR spectra datasets were stored in a structured Microsoft 365 Excel file containing
165 spectral entries, each represented by 1701 wavenumber bins.

2.2. Data Preprocessing, Analysis, and Classification

Python (version 3.9.21; Python Software Foundation, Wilmington, DE, USA) was
used to import and preprocess the infrared spectra. The preprocessing pipeline included
Standard Normal Variate (SNV) normalization, followed by Savitzky–Golay [47] smoothing
and first-derivative filtering (window size of 17 points, polynomial order of 2, and first
derivative). For data analysis, specific spectral regions that show visible activities were
examined to assess their contribution to classification performance: R1 (3000–2800 cm−1),
R2 (1750–1500 cm−1), R3 (1498–1200 cm−1), and R4 (1198–900 cm−1) (see Figure 1), as well
as the full spectral window R1–R4 (3000–2800 and 1750–900 cm−1).

Figure 1. Spectral regions used for data analysis: R1 (3000–2800 cm−1), R2 (1750–1500 cm−1),
R3 (1498–1200 cm−1), and R4 (1198–900 cm−1).

The dataset was then partitioned into an 80% training set and a 20% independent
test set. A comprehensive feature-engineering and data-reduction pipeline was then fitted
exclusively on the training data, ensuring a robust evaluation fully insulated from any form
of data leakage. All transformation (feature selection and DDR) steps were learned strictly
from the training portion and subsequently applied to the test data using the parameters
estimated from the training set, meaning that every assumption applied to the test samples
was derived solely from the training data. The pipeline comprised three sequential stages:

• Feature Selection: To identify the most informative spectral features, an ANOVA
F-test was applied independently within each spectral region and for the full spectral
window (R1–R4). Each FTIR frequency bin was treated as an individual feature, and
all bins were ranked according to their F-value, reflecting their ability to discriminate
between classes. Subsets of increasing size were evaluated, starting from 30 features
and increasing in steps of 10 up to the maximum available for each region.

• DDR: Following feature selection, the selected subsets were transformed using Fas-
tICA. The number of independent components was varied from 1 to 30 in single-unit
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increments, while the remaining FastICA hyperparameters were kept at their default
settings. Both the feature-selection stage and the FastICA decomposition were fit-
ted exclusively on the training data, and the learned parameters were subsequently
applied unchanged to the test set to avoid data leakage.

• Model Training: After feature engineering and data reduction, six predefined
scikit-learn classifiers (see Table 1) were trained on the transformed training data
(feature-selected and ICA-reduced).

Model performance was then evaluated on the held-out 20% test set. Performance
metrics including Accuracy, Precision, Recall, F1-score, and AUC, therefore reflecting
the evaluation on this independent test set, ensuring a rigorous and reliable estimate
of model generalization.

Table 1. Six Scikit-learn ML classifier configurations.

Classifier Hyperparameters

AdaBoost Default parameters (e.g., n_estimators = 50, learning_rate = 1.0,
algorithm = “SAMME.R”)

Decision Tree (DT) max_depth = 5 + Default parameters (e.g., criterion = “gini”, splitter = “best”,
min_samples_split = 2)

K-Nearest Neighbors (KNNs) Default parameters (e.g., n_neighbors = 5, weights = “uniform”, algorithm = “auto”)
LinearSVC (LinSVC) Default parameters (e.g., C = 1.0, penalty = “l2”, loss = “squared_hinge”)

Logistic Regression (LogReg) solver = “lbfgs” + Default parameters (e.g., C = 1.0, penalty = “l2”, max_iter = 100)

Support Vector Machine (SVC) γ = “auto”, probability = 1 + Default parameters (e.g., C = 1.0, kernel = “rbf”,
tol = 1 × 10−3 )

Accuracy represents the fraction of correctly classified samples among all samples,
expressed as a percentage, and was computed as follows [48]:

Accuracy =
TP + TN

TP + TN + FP + FN
× 100% (1)

where TP, TN, FP, and FN denote the number of true positives, expressed as a percentage,
false positives, and false negatives, respectively [49].

Precision (also referred to as the positive predictive value) measures the proportion,
expressed as a percentage, of correctly predicted positive samples among all samples
predicted as positive [50]:

Precision =
TP

TP + FP
× 100% (2)

Recall (also known as sensitivity or the true positive rate) corresponds to the proportion
of correctly predicted positive samples relative to the total number of actual positive
samples [50]:

Recall =
TP

TP + FN
× 100% (3)

F1-Score is defined as the harmonic mean of Precision and Recall, providing a single
balanced measure of classification performance [51]:

F1-Score =
2 × Precision × Recall

Precision + Recall
× 100% (4)

The AUC evaluates the model’s ability to discriminate between classes by summarizing
the trade-off between the true positive rate and the false positive rate across different
decision thresholds. AUC values range from 0 to 1, where 1 indicates perfect discrimination
and 0.5 corresponds to random classification [52].
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Figure 2 presents a schematic representation of the data analysis and prediction
workflow. The dataset and the Python code supporting this work are publicly available on
GitHub (version 2.47.0) at https://github.com/pmrodri/PES_Fibres (accessed on 10 March
2026).
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Figure 2. Data processing and machine learning prediction workflow. FTIR spectra from PES samples
are converted into feature vectors and split into training (80%) and test (20%) sets. Feature selection
(ANOVA F-value) and dimensionality reduction (FastICA selection according to the training data) are
performed using only the training data, and the resulting transformations are applied to the test set
to avoid data leakage. The processed features are then used to train multiple classifiers, generating
the final classification report. n* = 100 (R1), 125 (R2), 149 (R3), 149 (R4), 523 (Full spectral window).

3. Results
Figure 3 presents the mean spectra for each region generated with training data. Each

curve corresponds to a PES fiber type, providing an overview of the spectral differences
observed across the regions.

(a) (b)

(c) (d)

Figure 3. Mean spectra generated with training data for the four spectral regions used in the classifica-
tion analysis. Each curve represents the mean spectrum of a class (vPEs, rPEs, and mPEs), calculated
across the regions: (a) R1 (3000–2800 cm−1), (b) R2 (1750–1500 cm−1), (c) R3 (1498–1200 cm−1), and
(d) R4 (1198–900 cm−1).
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Table 2 summarizes the classification performance of the ML models across the pre-
viously defined spectral regions. Using Accuracy as the primary comparison metric, the
best-performing region is highlighted in brown.

Table 2. Classification performance of PES fiber spectra across different spectral regions.

Region (cm−1) FastICA
# Components # Features Classifier Accuracy Precision Recall F1-Score AUC ExecTime

R1 (3000–2800) 1 60 DT 66.67 72.22 66.67 69.33 0.92 0.0379
R2 (1750–1500) 1 40 DT 66.67 63.89 66.67 65.25 0.56 0.0144
R3 (1498–1200) 1 60 SVC 66.67 70.00 66.67 68.29 0.69 0.0380
R4 (1198–900) 7 120 DT 77.78 80.56 77.78 79.14 0.81 0.0439

Full spectral window R1–R4 1 190 DT 66.67 63.89 66.67 65.25 0.56 0.0473

ExecTime = Time to execute the process in seconds (s).

For each row of Table 2, the corresponding confusion matrices are provided to give
a detailed view of the classification outcomes for each spectral region and its respective
best-performing model (Figure 4). These matrices allow visual inspection of class-specific
performance, including the distribution of correct and incorrect predictions across the three
PES fiber categories (vPES, rPES, and mPES).
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Figure 4. Confusion matrices associated with the best classification result obtained for each evaluated
spectral region. Panels (a–d) correspond to regions R1, R2, R3, and R4, respectively, while panel
(e) represents the full spectral window R1–R4.

4. Discussion
The analysis of the mean spectra across the four spectral regions, shown in Figure 3,

provides an overall view of the spectral differences among the three PES fiber types. In this
figure, R1 exhibits the most apparent spectral separations between fiber types. However,
Table 2 indicates that the highest classification performance was achieved in R4, suggesting
that this region contains more subtle yet more informative features for ML classification,
even if these distinctions are less visible in the mean spectra. It is also important to note that
mean spectra may induce misleading interpretations, since averaging can mask intra-class
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variability and attenuate fine-grained spectral patterns that are crucial for discrimination.
While mean spectra highlight general class-wise trends, they do not fully capture the
multivariate relationships exploited by the ML models.

Comparing all spectral regions using an accuracy-based analysis (Table 2), region R4
combined with the DT classifier using seven FastICA components achieved the highest
Accuracy and the strongest overall performance. This model reached an Accuracy of 77.78%,
clearly outperforming the remaining regions, which all achieved only 66.67%. The accom-
panying Precision (80.56%), Recall (77.78%), and F1-score (79.14%) values for region R4 are
also the highest among all evaluated models. Although its AUC of 0.81 is not the maximum
observed, it is the most stable across metrics and remains high, while also presenting a low
execution time (0.0439 s), comparable to those of the other regions. Importantly, despite
the 77.78% Accuracy, this model showed a strong ability to distinguish rPES from both
mixed and virgin PES versions with 100% of discrimination capability, demonstrating high
practical discriminative power, in accordance with confusion matrices results presented in
Figure 4d.

Region R1, also using a DT classifier, achieved the highest overall AUC of 0.92. How-
ever, its Accuracy remained at 66.67%, indicating weaker decision-making performance.
This discrepancy may reflect limited generalizability or suboptimal decision boundaries:
although the model separates the classes well in probabilistic terms, as suggested by the
high AUC, this separation does not translate into correct class assignments. The remaining
metrics for R1 are likewise lower than those obtained for R4. The other regions (R2, R3, and
the full R1–R4 spectral window) show similar performance, each reaching 66.67% Accuracy
and exhibiting lower AUC values than R4.

Figure 4 provides further insight into model behavior by presenting the confusion
matrices associated with the best classifier for each analyzed region. In R1 (Figure 4a),
misclassifications mainly involve vPES and rPES fibers, with rPES being over-predicted;
one-third of mPES samples are assigned to rPES, although no samples from the raw fiber
classes are misclassified as mPES. For R2 (Figure 4b), despite achieving the same Accuracy
as R1, the error distribution differs. The model cleanly separates vPES and rPES fibers,
but confusion increases for mPES, with one-third of true vPES samples misclassified as
mPES. In the R3 region (Figure 4c), mPES remains the most challenging class: two-thirds
of misclassified mPES samples are assigned to rPES. Nevertheless, the model maintains
complete separation between the vPES and rPES classes, again showing a systematic
tendency to over-predict rPES. Region R4 (Figure 4d), which provides the highest Accuracy,
preserves perfect discrimination between vPES and rPES fibers. Misclassifications arise
mainly within the mPES class, where one-third of samples are misassigned. This indicates
that the performance improvements seen in R4 stem largely from enhanced discrimination
of the raw materials rather than from better recognition of mixed fibers. Finally, when
the full spectral window R1–R4 is used (Figure 4e), the model continues to separate vPES
and rPES effectively. However, mPES fibers remain the most difficult class, with true
mPES samples distributed across all predicted classes and one-third of vPES samples being
misclassified as mPES. As a result, rPES tends to be over-predicted while mPES is under-
predicted, reinforcing the observation that mixed fibers consistently present the greatest
classification challenge across regions.

Finally, these findings are particularly relevant in the context of Industry 4.0, where
automated decision-making and real-time quality monitoring are essential for achieving
resilient and transparent supply chains. The ability to accurately distinguish vPES from
rPES using FTIR data combined with ML contributes to the digital transformation of textile
manufacturing by enabling rapid, non-destructive, and autonomous material verification.
Such capability supports smart production systems in reducing dependency on manual
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inspection, as labor is becoming increasingly scarce and costly, minimizing classification
errors, and ensuring that recycled materials are consistently correctly identified throughout
the manufacturing workflow. Moreover, robust digital identification systems are fundamen-
tal for enhancing traceability and guaranteeing compliance with sustainability certifications
within cyber–physical production environments. As textile manufacturing increasingly
incorporates IoT sensors, cloud-based analytics, and data-driven control strategies, reliable
ML-assisted material classification becomes a key enabler for fully integrated, adaptive,
and sustainable Industry 4.0 operations.

5. Conclusions
PES fibers are facing increasing competition from natural fibers, such as cotton, which

are seeking to expand their share of the textile market. Maintaining the competitiveness of
PES requires continuous technological advancement driven by dedicated research efforts.
In this context, this work demonstrates the potential of integrating FTIR spectroscopy
with ML to enable automated, non-destructive, rapid, and reproducible discrimination
between vPES and rPES fibers. Such data-driven approaches provide a promising pathway
for industrial deployment by supporting accurate material identification, supply-chain
traceability, regulatory compliance, and quality-control procedures. By reducing the likeli-
hood of material misclassifications, these models can enhance production efficiency and
contribute to meeting sustainability targets.

The results further show that classifier selection strongly influences model per-
formance, with DT consistently outperforming the remaining algorithms across all
spectral regions. Although region R1 (3000–2800 cm−1) yielded the highest AUC, re-
gion R4 (1198–900 cm−1) offered the most balanced and reliable classification, achieving
superior Accuracy and strong values for all complementary metrics. Misclassification pat-
terns were predominantly associated with mPES fibers, which were frequently confused
with the raw material classes, even when the full spectral window R1–R4 was used.

Future work should aim to improve feature representations and explore alternative
modeling strategies, including robust validation schemes such as cross-validation. More-
over, expanding the size and diversity of the dataset will be essential to capture the natural
variability in PES fibers and to strengthen the generalization of future classification models.
In addition, integrating data fusion approaches and multimodal analysis that combine
FTIR data with complementary infrared techniques, such as NIR spectroscopy, as well as
imaging-based methods, may further enhance the discriminative power of these pipelines.
Additional DDR techniques, including PCA, linear discriminant analysis (LDA), non-
negative matrix factorization (NMF), and autoencoder-based methods, could also be tested
to find out their capability to improve the discrimination results. Furthermore, extending
the approach to other synthetic fibers (e.g., nylon) and natural fibers (e.g., cotton, wool)
could provide a more comprehensive assessment of the model’s applicability across textile
materials. Altogether, the integration of FTIR spectroscopy with ML methods offers a fast,
non-destructive, and reliable framework for distinguishing virgin from recycled PES fibers.
When aligned with Industry 4.0 principles, such FTIR–ML pipelines can support automated
material verification in smart manufacturing environments, thereby improving traceability,
quality control, and sustainability across the textile value chain.
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