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Classification of recycled plastics using sparse and
imbalanced spectral data and data augmentation
by the generative adversarial network
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Accurate identification of post-consumer plastics is essential to establishing high-performance recycling

processes and enabling a circular and sustainable economy and environment through effective recycling

and remanufacturing. However, Fourier transform infrared (FTIR) spectra of recycled materials often

exhibit noise, baseline shifts, and overlapping signatures from additives or contaminants, resulting in data-

sets that are both sparse and severely imbalanced. This data complexity, sparsity, and class imbalance can

degrade conventional machine-learning classifiers, resulting in higher rates of misclassifying plastics. To

address these challenges, we investigated if data augmentation using generative adversarial networks

could enhance polymer classification performance. We implemented a Generative Adversarial Network

(GAN) framework that integrates adversarial training with a classifier-guided feedback loop to synthesize

realistic, class-discriminative FTIR spectra for six commonly recycled polymers, polyethylene (PE), poly-

propylene (PP), polystyrene (PS), polycarbonate (PC), polyethylene terephthalate (PET), and acrylonitrile

butadiene styrene (ABS), and trained multilayer perceptron classifiers on datasets with varying ratios of

synthetic data. The optimal balanced accuracy of 96.2% was achieved when synthetic spectra accounted

for 50% of the training set, whereas including more than 90% synthetic data degraded generalization.

Synthetic data augmentation using a GAN with the optimal augmentation ratio improved ABS classifi-

cation accuracy, precision, and recall by 43%, 50%, and 33%, respectively, compared with no augmenta-

tion and replicate experimental measurements. These results demonstrate that GAN-based data augmen-

tation can effectively mitigate data sparsity and class imbalance in spectral classification of common plas-

tics, providing a practical foundation for creating robust online polymer classification systems.

1. Introduction

The concept of a circular economy has gained prominence in
several industries, particularly in the plastics industry, as com-
panies and consumers increasingly seek sustainable materials
(e.g., recyclable or renewable) and manufacturing processes
and systems that minimize waste and environmental
impact.1,2 A circular production and economic model empha-
sizes the continual use of process outputs, such as previous
products and waste (e.g., scrap), as ‘new’ process inputs by re-

cycling, remanufacturing, and material recovery (e.g., waste
and products at the end-of-life cycle), in contrast to the tra-
ditional approach of “take, make, dispose”.3 Within this
framework, accurately predicting the composition of a recov-
ered material to be reprocessed, such as recycled plastic,4 is a
critical pre-processing step that affects the performance and
quality of both remanufacturing processes (e.g., chemical or
bioprocesses) and the resultant product. According to a report
published by the U.S. Environmental Protection Agency (EPA)
in 2018, a substantial 75.6% of plastic waste was disposed of
in landfills, with only 8.7% being recycled and 15.8% inciner-
ated for energy recovery.5 This value is concerning, as low re-
cycling rates may be exacerbating ecological and environ-
mental challenges. In an effort to address these pressing
issues, researchers are exploring innovative methods using
mixed plastic waste as feedstocks, such as pyrolysis and
mechanical recycling.6,7 The effectiveness of these emerging
remanufacturing methods relies heavily on understanding the
composition of these feedstocks (i.e., mixed recycled plastic).
Thus, reliable and high-throughput characterization methods†Equally-contributing authors.
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are essential for enabling the effective deployment of these re-
cycling approaches and for supporting the broader transition
to a circular plastics economy.8 Quality-controlled manufactur-
ing with recycled materials requires rapid, accurate, high-
throughput methods for input material characterization and
sorting to optimize production and minimize process
downtime.9,10 In contrast, incorrect identification of plastic
composition (e.g., misclassification) can affect the quality of
resultant products and increase production cost, undermining
the overall effectiveness of circular manufacturing systems
based on recycled materials.11

The shift toward a circular plastics economy has created an
urgent need for fast, accurate online polymer classification
systems. Misclassification can contaminate recycling streams,
lower material quality, and reduce resale value—directly threa-
tening the efficiency and profitability of recycling operations.
For example, misclassifying common plastics such as poly-
ethylene terephthalate (PET), polystyrene (PS), polycarbonate
(PC), or acrylonitrile butadiene styrene (ABS) as polyethylene
(PE) or polypropylene (PP), which are the most widely used
plastics, can introduce serious contamination into the re-
cycling stream, resulting in poor product quality, reduced
process efficiency, and increased operational burden. For
example, PET and PC inclusion in the recycle stream of poly-
olefins will lead to incompatibilities due to differences in
melting temperature. At PE/PP processing temperatures, PC &
PET remain solid or partially melted, leading to poor product
performance.12,13 ABS and PS contribute aromatic and nitro-
gen-containing compounds that can foul reactors or poison
catalysts in pyrolysis and cracking processes used for chemical
recycling.14 These misclassifications not only reduce the yield
and market value of the recycled output but also raise oper-
ational costs through increased downtime and the need for
additional purification. Ensuring high model accuracy, par-
ticularly minimizing false positives for PE and PP, is therefore
essential to support high-throughput, economically viable re-
cycling workflows. Conventionally, spectroscopic techniques,
including Fourier-transform infrared (FTIR),15 Raman spec-
troscopy,16 and nuclear magnetic resonance (NMR)17 spec-
troscopy, have been extensively used for off-line characteriz-
ation18 of polymer composition based on their unique spectral
data features.19 However, the characterization and sorting of
recycled materials based on spectral data is challenging due to
potential changes in spectral characteristics relative to virgin
materials, including alterations in FTIR peak intensities, band
broadening, baseline distortion, and the emergence of
additional absorption features induced by polymer aging and
degradation, as well as the presence of additives, surface con-
taminants, and degradation by-products commonly found in
recycled plastics.20–22 Moreover, the availability of representa-
tive sample sets is often severely limited due to the high cost
and time-intensive nature of sample preparation and testing,
creating a data sparsity challenge for leveraging machine learn-
ing (ML) models to predict polymer composition from spectral
data.23 This scarcity of experimental spectral data further com-
plicates the creation and validation of robust ML models, such

as deep learning models24,25 for the classification of polymer
composition and type, which often require large and diverse
training datasets.23 The heterogeneity of polymer types used in
the plastics industry, combined with the prevalence of high-
and low-density PE, creates a class-imbalance challenge for
developing high-performance ML and deep learning models to
predict polymer composition and type.

Data analytics and machine learning (ML) methods,
capable of modeling complex nonlinear relationships, have
emerged as essential methods for analyzing complex spectral
data, such as polymer classification26–28 and materials
prediction.29,30 For example, Carrera et al. integrate FTIR/NIR
spectra with seven machine-learning models in an economic
decision framework that aligns polymer profit tiers with the
most cost-effective classifier, enabling high-throughput,
revenue-optimized sorting of PE, PP, PET, PS, and PVC in an
automated recycling line.31 Pocheville et al. demonstrated that
Raman spectroscopy combined with machine learning tech-
niques, particularly discriminant analysis (DA) with 1064 nm
laser data, enabled the classification of PS and ABS in Waste
Electrical and Electronic Equipment (WEEE) plastics with up
to 80% purity.32 Liu et al. showed that a Convolutional neural
network achieved an accuracy of 97.4% for raw FTIR spectra
on a mixed microplastic dataset containing 4800 samples.33

Despite the availability of large polymer and microplastic spec-
tral databases, practical industrial datasets are often character-
ized by high noise levels, inconsistent preprocessing, and label
uncertainty, which significantly constrain the reliability of
supervised learning models.34,35 Additionally, inherent data
sparsity and class imbalance significantly challenge the per-
formance and reliability of deep learning models for polymer
classification, often resulting in major class-dominated mis-
classifications. A promising strategy to mitigate these limit-
ations, particularly in noisy and class-imbalanced industrial
spectral datasets, and enhance model robustness is data
augmentation,36–38 which expands and diversifies the training
data without additional experimental costs. For example, Wu
et al. proposed a GAN-based framework to augment Raman
spectroscopic data for skin cancer tissue classification, demon-
strating that synthetic samples can improve prediction accu-
racy in limited-data scenarios.39 Chung et al. leveraged a con-
ditional GAN-based data augmentation framework that signifi-
cantly improved classification performance on imbalanced
spectroscopic datasets, particularly for identifying phase tran-
sitions in hydrogels.40 Platnick et al. presented GANsemble, a
two-stage pipeline that first auto-selects an optimal augmenta-
tion strategy and then trains a conditional GAN to synthesize
class-balanced microplastic spectra, establishing Flame
Ionization Detector (FID)/Internal Standard (IS) baselines and
markedly improving model performance on small, highly
imbalanced datasets.41 Motivated by the practical industrial
need for robust classification of recycled plastic types and the
aforementioned advances in deep learning with sparse, imbal-
anced, and complex spectral data, this study aims to evaluate
the effectiveness of spectral data augmentation using the
Generative Adversarial Network (GAN).42
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In practical recycling streams, polymer identity cannot be
reliably inferred from fragment appearance or morphology
alone; therefore, this study uses FTIR spectra to identify
polymer type. However, experimentally collected spectra of
recycled plastics are often limited and strongly class-imbal-
anced, and polymers with subtle spectral differences can be
difficult to separate when minority classes are underrepre-
sented. Traditionally, polymer identification from FTIR spectra
is performed by spectral library matching,43 in which an
unknown spectrum is compared against reference spectra and
ranked using a similarity score (e.g., Pearson correlation coeffi-
cient).44 Although library matching is widely used and effective
for well-characterized, pristine references, its reliability can
decrease for real recycled or environmentally affected materials
when spectra are altered by baseline variations, instrument-to-
instrument differences, or mixtures, and therefore may require
extensive preprocessing and expert review. To complement
library matching in high-throughput sorting scenarios, par-
ticularly when labeled datasets are sparse and class-imbalance,
GAN-based augmentation has demonstrated advantages over
conventional data augmentation techniques for spectral classi-
fication.45 Therefore, we propose an augmentation framework
to generate minority-class spectra that are both realistic and
informative for classification. Specifically, an adversarial loss
aligns synthetic spectra with measured spectral distributions,
while a classifier-guided signal encourages the preservation of
class-discriminative features to mitigate majority-class bias,
thereby improving classification performance. When dis-
tinguishing polymers with similar spectral signatures. We then
evaluate how classification performance varies with the aug-
mentation ratio (synthetic/total) and training sample size, and
quantify their effects on metrics such as overall accuracy and
balanced accuracy.

2. Materials and methods
2.1 Source and types of recycled plastics

Recycled plastic samples rich in PE, PS, ABS, PC, PP, or PET
provided by Saudi Basic Industries Corporation (SABIC) were
used for this study. Recycled plastics were obtained from
several post-consumer recycled (PCR) plastics and industrial
waste sources, including agricultural tubing, bottlecap regrind,
PE agglomeration, waste material from machining waste,

unsorted PE and PP mix regrind, and other unsorted plastic
mixtures. FTIR spectra were collected from these recycled
plastic samples to construct two experimental datasets.
Dataset 1 comprises 150 FTIR spectra acquired from 50 physi-
cal plastic samples. A second replicated dataset was collected
from the samples using the same measurement protocol, but
with a different FTIR. In this replicate, spectra were obtained
from newly selected individual plastic flakes or pellets drawn
from the same material batches, rather than repeated measure-
ments of the same physical specimens used for Dataset 1.
Combining Dataset 1 and this replicate yields Dataset 2, total-
ing 300 spectra. Importantly, Dataset 2 preserves the same
class composition and relative class ratios as Dataset 1, with
each class contributing exactly twice the number of spectra
reported for Dataset 1. Specifically, per measurement round,
polyethylene (PE) contains 31 samples (93 spectra), polystyrene
(PS) contained 6 samples (18 spectra), acrylonitrile–butadiene–
styrene (ABS) contained 4 samples (12 spectra), and polycarbo-
nate (PC), polypropylene (PP), and polyethylene terephthalate
(PET) each contained 3 samples (9 spectra). The detailed class
composition for Datasets 1 and 2 is summarized in Table 1.

2.2 Spectral data generation by Fourier-transform infrared
spectroscopy

FTIR spectra were collected on a Shimadzu IR-Prestige-21 FTIR
spectrometer with a diamond ATR stage. A pellet or flake from
a given recycled plastic source was clamped onto the ATR
crystal and scanned 32 times across the range 4000–400 cm−1

at 4 cm−1 resolution to generate transmittance spectra. The
crystal was cleaned with acetone between measurements to
avoid cross-sample contamination.

2.3 Data pre-processing

Raw spectral data, initially recorded in percent transmittance
(%T ), were first converted to absorbance (A) using the stan-
dard transformation:

AðvÞ ¼ � log
TðvÞ
100

� �
ð1Þ

where T (v) represents the percent transmittance at the wave-
number v.

Following conversion to a common absorbance scale,
spectra were min–max normalized to [0, 1] to mitigate global

Table 1 Description of the dataset properties used in this study

Dataset
# of
spectra

# of points
per spectra

Frequency range
(cm−1)

Ratio of synthetic to total data
(i.e., augmentation ratio) Polymer types

Dataset 1 150 1764 400–4000 PE: 0% PE, PS, ABS, PC, PP, PET
PP, PC, PET: 40–93.5%
PS: 0–86%
ABS: 10–90.3%

Dataset 2 300 1764 400–4000 PE: 0% PE, PS, ABS, PC, PP, PET
PP, PC, PET: 40–93.5%
PS: 0–86%
ABS: 10–90.3%
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intensity variations arising from measurement conditions
(e.g., scattering and differences in crystal–sample contact),
without altering peak locations or relative peak structure. For
GAN/CNN training, the normalized 1D absorbance sequence
(sampled on a fixed wavenumber grid) was converted to an
image-like 2D matrix via deterministic reshaping using a fixed
indexing order.46,47 The wavenumber axis was not explicitly
stored in the 2D matrix because it is identical across samples
and is therefore implicitly defined by the shared sampling
grid; the matrix entries directly encode the absorbance values.
Importantly, this operation is a one-to-one re-indexing, so the
original 1D spectrum can be recovered exactly by flattening the
matrix back to the 1D sequence and pairing it with the same
wavenumber vector. All processing was performed in Python.

2.4 Data augmentation

The framework of the GAN-based data augmentation method
is shown in Fig. 1, which includes three components: a genera-
tor that creates realistic spectra, a discriminator that dis-
tinguishes whether spectra are real or generated, and a classi-
fier that predicts the label of the spectral data (i.e., polymer
type). The generator synthesizes spectral data samples con-
ditioned on random Gaussian noise and their corresponding
class labels. Synthetic spectral data samples from minority
classes were selected and integrated with an imbalanced spec-
tral dataset containing only real (i.e., experimental) spectral
data to construct a new balanced augmented dataset that
served as the training set for classifying real spectral data. The
dataset was split into training (70%) and test (30%) sets using
stratified random sampling pre-class, preserving class distri-
butions and avoiding test set leakage. The training dataset is
used to train the model, while the test dataset is reserved for
performance evaluation. No augmentation was performed on
the majority class (i.e., no synthetic spectral data generated by
the GAN for the majority class was used). Thus, integrated syn-
thetic samples formed balanced mini batches for model train-

ing, which were fed into the classifier during each training
iteration. Table S1 presents the hyperparameters of the GAN
framework.

2.5 Machine learning classification

Convolutional neural network (CNN)-based feature extractors
were used to directly learn from the image-like representations
of the spectral data.48 The model architecture comprises three
convolutional layers (with 32, 128, and 256 dimensions). Each
layer is followed by a LeakyReLU activation function and down-
sampling via stride convolutions. The resulting feature maps
are flattened and passed through a 128-dimensional fully-con-
nected latent layer, followed by an MLP classification head
that outputs SoftMax-normalized class probabilities.

The classifier performance was characterized using mul-
tiple metrics, including accuracy, balanced accuracy, precision,
recall, several variants of the F-score, and the area under the
ROC curve (AUC-ROC). Let T ¼ fðxj; yjÞgMj¼1 denotes the test
dataset of M samples with true labels yj and predicted labels ŷj.
Then the classification accuracy was computed as:

Accuracy ¼ 1
M

XM
j¼1

1½yj ¼ ŷj� ð2Þ

where the indicator function 1[·] returns 1 if the condition
inside is true and 0 otherwise. The F1-score for the class i,
which balances precision and recall, is given by the harmonic
mean as:

F1i ¼
2 � Precisioni � Recalli
Precisioni þ Recalli

ð3Þ

where the precision and recall for the class i are defined as:

Precisioni ¼
TPi

TPi þ FPi
; Recalli ¼

TPi

TPi þ FNi
ð4Þ

where TPi, TNi, FPi and FNi are the true positives, true nega-
tives, false positives, and false negatives for each class i,

Fig. 1 (A) Workflow for plastic classification using FTIR spectral data and deep learning. Imbalanced spectral datasets are augmented with GAN-
generated samples to achieve balanced class distributions for improved model training and plastic type prediction (created in BioRender. Johnson,
B. (2025) https://BioRender.com/fezmfbc). (B) Schematic of the GAN-based augmentation process referenced in (A). The resulting balanced batches
are then used to train the classifier.
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respectively. To assess overall performance across all classes,
macro-F1 is computed as the unweighted average of per-class
F1 scores, treating all classes equally. Weighted-F1 averages
per class F1 scores are weighted by the number of true
instances per class, reflecting class distribution.

2.6 Characteristic peak identification

Peak identification on real (i.e., experimental) and synthetic
data from the different plastic classes was conducted using
Python’s find_peaks function to systematically extract critical
spectral features, enabling direct assessment of how accurately
the GAN reproduces domain-expert-relevant characteristics.

3. Results and discussion
3.1 Classification problem description and dataset
characteristics

Fig. 1A illustrates a workflow for classifying recycled plastic
materials based on their infrared spectral signatures. The pipe-
line uses GAN-based data augmentation to enhance underre-
presented classes and improve classification accuracy on
imbalanced datasets. The GAN framework and its hyperpara-
meter values are provided in Fig. 1B and Table S1, respectively.
The generator is linked to the discriminator through an adver-
sarial loop that enforces spectral realism, while a parallel coop-
erative loop connects the generator to a task-specific classifier,
encouraging the synthesis of class-balanced, decision-bound-
ary-informative spectra. Merging these high-fidelity synthetic
samples with imbalanced real (i.e., experimental) data can
create a uniform class distribution (see Fig. 1B) and equip the
classifier with more discriminative training data, thereby
potentially improving minority-class accuracy without compro-
mising overall generalization.

The characteristics of the datasets used in this study are
provided in Table 1 and Fig. 2 and 3. As shown in Table 1,

Dataset 1 consisted of 150 experimental (i.e., real) FTIR absor-
bance spectra collected from 50 unique post-consumer
polymer samples, each containing six types of plastic (each
sample measured in triplicate, yielding three spectra per
sample). Each spectrum contained 1764 frequency values
spanning the 400–4000 cm−1 range.

Dataset 2 was obtained by measuring an additional batch
of recycled plastic samples with the same polymer class labels
as Dataset 1. Specifically, two independent sets of hetero-
geneous recycled plastic samples were characterized using
identical FTIR measurement protocols, yielding two experi-
mental datasets (150 spectra per dataset) that together formed
Dataset 2.

Fig. 2 shows representative real FTIR spectra for the six
different recycled plastics (PE, PS, ABS, PC, PP, and PET). As
shown in Fig. 2A, the representative spectra for each class
highlight the complexity of the FTIR signal, such as noisy
regions and regions with many adjacent and interacting res-
onant modes, as well as the similarity of characteristic peak
locations across different polymer types. Replicate measure-
ments acquired from a single sample provide an experi-
mentally driven approach to augment the initial dataset with
additional real spectral data to improve the classification per-
formance (see Fig. 2B). FTIR spectra covering the full range of
400–4000 cm−1 were acquired on different instruments; there-
fore, noise characteristics may vary across samples due to
inherent variability in acquisition conditions (e.g., instrument
drift and sample–contact variations), especially near
∼400 cm−1. All spectra are shown without baseline correction
and were normalized to the [0, 1] range to ensure numerical
stability for GAN training.

3.2 Augmentation of experimental spectral data via GAN and
characteristics of GAN-generated synthetic data

As shown in Fig. 3, Dataset 1 exhibited an imbalanced class
distribution consisting of a majority PE class (31 samples, 93

Fig. 2 Representative FTIR spectra for dataset 1 (A) and dataset 2 (B). Each color-coded group corresponds to one polymer type (PE, PS, ABS, PC,
PP, and PET). Dataset 2 consists of replicate measurements from the same polymers used to generate dataset 1 but acquired using a different FTIR
and randomly selected samples, as may occur in industrial settings and applications. All spectra are shown as absorbance data without baseline cor-
rection and were normalized to the [0, 1] range.
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spectra, 62%) and minority PS (6 samples, 18 spectra, 12%),
ABS (4 samples, 12 spectra, 8%), PC (3 samples, 9 spectra,
6%), PET (3 samples, 9 spectra, 6%), and PP (3 samples, 9
spectra, 6%) classes. PE accounts for over 60% of all samples,
while PS, ABS, PC, PP, and PET were under-represented. Given
that there is a non-uniform distribution of class imbalance
among the initial experimental datasets, there exists a range of
synthetic-to-total spectra (i.e., # synthetic spectra/# total
spectra) across the multiple classes (i.e., plastic types) in the
balanced datasets (i.e., Datasets 1 and 2). In other words, the
augmentation ratio (i.e., the ratio of synthetic to total spectra)
in the training set was class-dependent, with a value of zero
for the majority class. To evaluate the impact of the augmenta-
tion ratio on plastic type classification, we examined how
balanced training datasets with varying augmentation ratios
affect the machine learning model’s performance (e.g., mis-
classification rates). Random down-sampling was applied if
the number of available real samples in a class exceeded the
target size; synthetic samples were used to fill the gap if the
number was insufficient.

To construct a balanced training set of 30 samples per
polymer, we randomly down-sampled PE to the training sizes
(e.g., 30 samples) (see the PE column in Fig. 3 right panel) and
then augmented each minority class with synthetic data gener-
ated using GAN until it reached the training size (see the PS,
ABS, PC, PP, and PET columns in Fig. 3 right panel). Thus, no
synthetic data was added to the majority PE class (see Fig. 4
and Fig. S1). As shown in the right panel of Fig. 3, this pro-
cedure yields uniform class representation and eliminates bias
in downstream model training. Table 1 highlights the amount
of synthetic data used for each polymer type and the augmen-
tation ratio (i.e., the ratio of synthetic to total data) for each
class in both Dataset 1 and Dataset 2. As shown in Fig. 3 and
Table 1, the majority PE class consists entirely of real spectra,
while the PP, PC, and PET classes are augmented with
40–93.5% synthetic data. PS and ABS exhibit augmentation
ratios ranging from 0–86% and 10–90.3%, respectively.

The locations of characteristic resonant modes (i.e., peaks)
in FTIR spectra of the different polymer types to be categorized
and separated are typically used for classification. For
example, peaks in the 2849–2915 cm−1 range and near 720 and
1455 cm−1, associated with stretching and bending vibrations
of methyl and methylene groups, are characteristic of PE49 (see
Fig. 2). We also note that in PE, methylene (–CH2–) vibrations
dominate, while any weak methyl-related features (e.g., near
∼1377 cm−1) may indicate trace –CH3 groups arising from
either chain ends or short-chain branching and cannot be
uniquely distinguished. To better understand the character-
istics of GAN-generated synthetic data, we examined the
locations of the 10 most prominent peaks in both the real (i.e.,
experimental) and GAN-generated data. Fig. 4 compares the
locations of the 10 most prominent modes in the experimental
and GAN-generated spectral data for the six plastics. As shown
in Fig. 4, the characteristic peak locations in the GAN-gener-
ated spectra agree well with the measured peaks for each min-
ority-class plastic (recall that, in this study, no synthetic data
were added for the majority class, PE) in Dataset 1. The com-
parison between real and GAN-generated spectra also reveals
that augmentation performance varies across classes. For
example, the location and amplitude of the primary character-
istic peaks in PP, which was the largest minority class, were
well predicted by GAN, while minority classes with fewer
examples, such as PC, PP, and PET, exhibited relatively more
deviation (e.g., deviation near 2900 cm−1), highlighting the
challenges of synthetic data generation under data-sparse con-
ditions. This deviation is likely due to imbalanced GAN train-
ing data: because the classifier focuses on the most informa-
tive peaks, less informative regions may be constrained less
strongly, allowing some minority-class synthetic spectra to
retain majority-class-like peak patterns. As shown in Fig. S1,
the addition of replicate measurements enhanced the accuracy
of the predicted spectral amplitudes in the ∼2700–3000 cm−1

region of the spectra for the PC, PS, and PET classes. Overall,
these results show that the synthetic data preserves traditional

Fig. 3 Class distributions for six polymer types before (left panel) and after (right panel) dataset balancing for dataset 1. We note that dataset 2 exhi-
bits the same class imbalance ratios as dataset 1 but contains more spectral data in each class (see Table 1).
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features observed in the real samples, demonstrating the
model’s ability to generate realistic signals despite class imbal-
ance. Additionally, we observe a correlation between the size of
the experimental dataset (i.e., number of spectra) and the
accuracy with which the GAN approximates the real data distri-
bution. This effect is particularly pronounced in minority
classes. Although minor spectral peaks that do not correspond
to any chemical vibrational mode are observed in some GAN-
generated samples (see Fig. S1), classification performance is
evaluated exclusively on held-out experimental spectra. As
shown in Table 4 and the misclassification analysis in Section
3.3, no degradation in misclassification performance was
observed, indicating that the classifier primarily relies on
robust, class-diagnostic spectral features rather than spurious
synthetic peaks.

3.3 Effect of data augmentation by replicate measurement
and GAN on plastic classification and misclassification

Having discussed the characteristics of Dataset 1 and Dataset
2 before and after augmentation and the characteristics of the
GAN-generated synthetic spectral used to balance the dataset,
we next examined the performance of several classification
models, particularly an MLP given its performance in our pre-
vious work with binary classification of sparse spectral data40

to classify the six plastic type using the spectral data in
Datasets 1 and 2. Table 2 reports the mean classification accu-

racy of the MLP classifier for six polymers using single vs.
triplicate measurements. With only a single measurement per
sample, PET, PS, PE, and ABS achieve high accuracies (100.0%,
95.2%, 90.9% and 90.0%, respectively), whereas PP fails (0%),
and PC performs moderately (83.3%). Introducing three inde-
pendent replicates markedly improves classification across all
classes: PC and ABS reach 100%, PP recovers to 56.6%, PE
rises to 98.9%, whereas PS and PET slightly decline to 90.0%.
These results demonstrate that acquiring replicate measure-
ments during characterization can improve the predictive
power of sparse datasets and model robustness for multi-class
classification tasks and mitigate class-specific failures. For
example, replicate measurements can identify intrinsic varia-
bility (randomness) in spectral data, thereby enhancing the
reliability and consistency of GAN-generated spectra and
model predictions, especially for plastics such as PP, which
were initially highly misclassified. Given that ABS is among

Fig. 4 Comparison between real and synthetic spectra for six plastic types (A–F: PE, PP, PC, PS, ABS, and PET, respectively) for dataset 1. The blue
lines show real (i.e., experimental) FTIR spectra, while the orange lines depict corresponding synthetic spectra generated via GAN. The largest six
peaks (i.e., modes) identified from real and synthetic spectra (red and green dots, respectively). Literature-reported characteristic peak positions and
ranges are shown as purple dashed lines and shaded intervals (see Table S2).

Table 2 Mean classification accuracy (%) for six polymers using single
versus triple replicate measurements under 10-fold cross-validation (25
training samples per class)

Class (10-fold, training
set: 25 spectra) PE PP PC PS ABS PET

Mean accuracy (1 repeat) 0.909 0.000 0.833 0.952 0.900 1.000
Mean accuracy (3 repeat) 0.989 0.566 1.000 0.900 1.000 0.900

Paper Analyst

2558 | Analyst, 2026, 151, 2552–2562 This journal is © The Royal Society of Chemistry 2026

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

7 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

4/
20

26
 4

:4
4:

24
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5an01042j


the top ten produced plastics globally,50 the ability to improve
classification accuracy and recall (i.e., reduce false-negative
misclassifications) is a notable result. As shown in Table 2,
using replicate experimental measurements improved ABS
classification accuracy by 10%. Specifically, without replicate
measurements, the precision and recall were 83.3% and
96.7%, respectively. The inclusion of additional replicate
experimental measurements increased the precision and recall
for the ABS class by 16.6% and 3.3%, respectively. These
results demonstrate that integrating replicate measurements
into the GAN-based data augmentation framework enables the
generator to better capture intrinsic spectral variability,
thereby synthesizing more realistic spectra and further redu-
cing misclassification rates.

To examine the impact of data augmentation using GAN-
generated synthetic data, we implemented a per-class augmen-
tation strategy based on the size of the training set as listed in
Table 3. The number of GAN-generated spectra per class (i.e.,
plastic type) in the training set increases from 20 to 186. While
PE was composed of all experimental (i.e., real) spectra, all
other plastic types increasingly rely on synthetic data to reach
the target size. Specifically, the percentage of synthetic to total
data for PP, PC, and PET increased from 40% at a training set
size of 20 samples to over 93% at a training set size of 186
samples. The percentage of synthetic to total data in the PS
and ABS classes increased from 0% to 86% and 10% to 90%,
respectively, over the same ranges. Thus, the graduated aug-
mentation strategy effectively balanced the class frequencies
by supplementing underrepresented polymers with synthetic
spectra.

Table 4 summarizes the classification results of the
different augmentation levels per polymer type. Without aug-
mentation, the model exhibited strong majority-class bias:
overall accuracy remained relatively high (66.6%), while
balanced accuracy dropped to 24.9%, indicating poor min-
ority-class performance. With 20 spectra per class, the model
achieved a balanced accuracy of 94.1%. Increasing the number
of spectra in the training set from 40 to 50 spectra per class
yielded the best performance, with balanced accuracies of
95.6% and 96.2%. However, further increases in training size
by adding additional synthetic spectra (e.g., 90 and 186 spectra
per class) reduced balanced accuracy to 95.3% and 92.1%,
indicating that moderate augmentation improves minority-
class learning, whereas synthetic-heavy training reduces gener-
alization to real spectra. In our experiments, performance
peaks at 40–50 spectra per class, with the synthetic-to-total
ratio in the most augmented classes at ∼48% (Table 3).

A key limitation is that GAN-generated spectra may contain
weak, non-physical local features (i.e., peaks that do not corres-
pond to chemical vibrations). At moderate augmentation
levels, such minor wrong synthetic peaks do not lead to sys-
tematic misclassification because experimental spectra primar-
ily guide the model. In contrast, when synthetic ratios become
very high, these discrepancies can accumulate and shift the
learned decision boundaries toward synthetic-specific pat-
terns, consistent with the performance drop in Table 4. T
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In addition, without augmentation, the model exhibited
severe class imbalance effects, collapsing toward the majority
class and resulting in poor performance for ABS (50% pre-
cision, 67% recall, and 57% overall accuracy). In contrast,
under optimal augmentation conditions, ABS classification
reached 100% precision and 100% recall, demonstrating the
effectiveness of the GAN-based augmentation in fully resolving
misclassifications for this class.

Overall, these results suggest that GAN augmentation
should be used as a supplement to experimental spectra rather
than a replacement. In practice, the augmentation ratio should
be selected based on validation performed on real (experi-
mental) spectra, because synthetic spectra can occasionally
contain false peaks that are not present in the measured data.
When the synthetic portion is small, these false peaks are typi-
cally rare and weak, and the model is still mainly shaped by
experimental spectra. However, if synthetic spectra occupy too
large a share of the training set, the model may begin to treat
these false peaks as stable, discriminative cues, which can
shift decision boundaries and reduce performance on real
spectra. Therefore, practical deployment should monitor
whether synthetic spectra introduce peaks absent in the experi-
mental class distributions and should limit augmentation
accordingly. Finally, since this study is validated on industrial-
recycled plastics, extending the approach to environmentally
collected, highly weathered microplastics will require
additional validation, as aging, contamination, and baseline
variability may introduce spectral patterns not represented in
the current training data.

4. Conclusions

The shift toward a circular plastics economy requires continu-
ous characterization and sorting of mixed polymer waste.
However, spectral data that exhibits high similarity, noise, and
complexity, combined with class imbalance, can complicate
accurate multi-class classification using sparse spectral data
generated from off-line characterization. Conventional off-line
plastic classification methods disrupt production and fre-
quently misclassify commonly used polymers, such as PP and
PE, compromising material quality and economic returns.
These challenges highlight the need for rapid and accurate

multi-class classification models for sparse, complex, and
imbalanced spectral data. To address this, the present study
employed a GAN-based data augmentation strategy. We found
that replicating experimental measurements without synthetic
data augmentation improved classification performance.
Characteristic peak locations in GAN-generated synthetic spec-
tral data matched the locations in experimental spectra. Using
a combination of data augmentation by replicating experi-
mental measurements (spectra) and GAN-generated synthetic
spectral data (i.e., Dataset 2), we achieved a balanced accuracy
of over 96% for classifying six commonly recycled plastics and
low misclassification of PP as PE. We also found that perform-
ance depended on the class-specific ‘augmentation ratios’ of
the dataset, specifically the ratio of synthetic to total data in
each class. These results demonstrate the potential of genera-
tive data augmentation for improving spectral classification
performance in real-world polymer sorting applications. While
GAN-based augmentation improves class balance, it may still
fall short in capturing fine-grained spectral variations. In
addition, no baseline correction was applied in this study;
future work will investigate baseline-aware preprocessing strat-
egies, as baseline variations may influence spectral fidelity and
downstream classification performance.51 Future research
should investigate advanced generative models, such as
diffusion models,52 which offer higher fidelity and better
capacity to capture subtle spectral features often missed by
simpler methods. Systematic studies of the optimal synthetic-
to-real data ratio are also essential for maximizing model per-
formance without sacrificing generalization. In parallel, incor-
porating additional perturbation strategies—such as random
spectral shifts, elastic distortions, and variable noise—may
further enhance model robustness to real-world measurement
variability. Finally, achieving continuous deployment in indus-
trial settings may require data curation, database creation and
management, and efficient online retraining mechanisms that
incrementally update model parameters as new data becomes
available, thereby ensuring sustained accuracy under dynamic
operating conditions.
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Table 4 Classification performance after augmentation for varying augmentation size in the training set

# of aug. (real + syn) spectra in training set Avg. accuracy Balanced accuracy Macro F1 Weighted F1 AUC-ROC

No aug. (benchmark) 0.666 0.249 0.204 0.542 0.555
20 0.975 0.941 0.952 0.972 0.966
30 0.966 0.934 0.942 0.964 0.961
40 0.977 0.956 0.964 0.977 0.974
50 0.978 0.962 0.962 0.979 0.978
90 0.975 0.953 0.958 0.975 0.973
186 0.966 0.921 0.935 0.963 0.954

The augmentation ratio is class-dependent and not shown (bold font indicates the training set size that exhibited the best performance).
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and classification tasks, is available upon request from the
corresponding author and SABIC.
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