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Abstract

With the rapid expansion of the global textile sector and increasing awareness of the envi-
ronmental pollution caused by textile waste, enhancing the recycling of textile waste has
become essential to reduce the volume of materials sent to landfill or incineration. As recy-
cling technologies advance, automated sorting systems that are capable of handling large
waste streams and accurately identifying materials for appropriate recycling pathways
are increasingly recognised as being critical for efficient textile-waste management. Since
2015, over 20 studies have specifically explored technologies and strategies for automating
textile sorting of textile wastes. This mini review introduces various textile fibre identifica-
tion technologies, including traditional visual and tactile examination; label checking and
modern identification technology; and NIR, FT-IR, RFID tags. It summarises the current
state of sorting processes, with particular emphasis on the development of AI-assisted,
fibre-type-based sorting technologies. Commercial scale automated sorting is not estab-
lished yet for textile waste recycling, due to the complexity of materials used in textiles,
the equipment identification limits and high cost of processing, while machine learning
and artificial neural networks provide opportunities for future research advancement
and commercialisation.

Keywords: artificial intelligence; machine learning; textile waste; recycling; circular economy

1. Introduction
The confluence of population growth, improvements in living standards, an expanding

array of textile materials, and the accelerated life cycle of textile products have synergis-
tically led to a marked escalation in global fibre consumption [1,2]. One of the primary
reasons is that the fast fashion industry, which is characterised by the rapid production and
consumption of low-cost garments, has witnessed exponential growth in recent years [3–5].
However, this model of fast-paced production and disposable fashion has led to detrimen-
tal consequences for the environment [4,6]. The fast fashion industry heavily relies on
the production of raw materials, such as cotton, wool, and synthetic fibres, which require
significant amounts of water, energy, and chemicals for production [7,8]. This production
contributes to environmental degradation and the depletion of finite resources [9]. More-
over, the accelerated pace of fashion trends and consumer behaviour has resulted in a
throwaway culture, where garments are discarded after minimal use, exacerbating the
problem of textile waste [10,11].
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This surge in consumption has also resulted in the generation of significant amounts
of post-industrial and post-consumer fibre waste [12]. The magnitude of textile waste is a
cause for concern. It was estimated that in 2017, global textile waste exceeded 92 million
tonnes [1,13]. According to a report published by the Ellen MacArthur Foundation in 2017,
globally, around 87% of textiles end up in landfills or incinerators, approximately 12% are
re-marketed through charity shops or downcycled into low-quality products, and less than
1% of textiles are recycled for new fibre generation [1,14,15]. The decomposition of textiles
in landfills releases greenhouse gases, contributing to climate change [16–18]. There is a
growing demand for the recycling of textile waste worldwide. Recycling textile waste not
only extends the lifespan of textiles, but also diverts them from landfills, minimises waste
generation, reduces the environmental impact of the fashion and textile sectors and reduces
the demand for virgin textile production [19,20]. Additionally, textile recycling contributes
to the conservation of valuable resources, such as water and natural fibres, by reducing
the need for virgin materials [21,22]. The importance of sustainable practices in the fashion
and textile sectors cannot be overstated. The adoption of textile recycling supports the
transition towards a more sustainable and circular economy [23,24].

Textile waste can be recycled through mechanical, chemical, or biological processes, as
extensively reviewed in several high-impact reports [16,25]. In brief, mechanical recycling
involves the application of physical forces, such as shredding, cutting and grinding, to sep-
arate yarns or fibres from the textile matrix. Chemical recycling, in contrast, depolymerises
natural and/or synthetic fibres into their constituent monomers, which can subsequently
be repolymerised into new fibres or transformed into other value-added products. Bio-
logical recycling employs enzymatic hydrolysis to break down cellulose or polyethylene
terephthalate into monomers or short-chain oligomers, which can then be regenerated into
target products, such as regenerated fibres. Across all these approaches, efficient sorting of
textile waste according to fibre type plays a critical role in improving process efficiency and
ensuring the selection of the most cost-effective recycling technology [25].

As pointed out by several researchers, one of the key challenging factors in textile
waste recycling is the lack of viable sorting processes. Especially for fibre-to-fibre recy-
cling, garments need to be sorted by fibre content to enable the subsequent mechanical
recycling of either polyester-based garments or cotton-based garments. Currently, the
majority of existing textile waste sorting units still rely heavily on manual sorting, which is
time consuming and laborious. Furthermore, manual sorting can also be unreliable, due
to missing, faded or incorrect labels [26,27]. To provide a more accurate, efficient, and
sustainable sorting process, advances in the automated machine-based textile waste sorting
methodology are essential to facilitate the processing of increasingly demanding textile
waste worldwide.

The objective of this mini review paper is to provide a comprehensive overview
of the various methods and technologies available for automating the sorting process
of textiles by fibre type in the context of recycling. By analysing the existing literature
and research studies, the review paper seeks to identify the strengths, limitations, and
potential areas for improvement in automated sorting methods for post-consumer textiles.
The ultimate goal is to contribute to the advancement of automated sorting technologies,
enabling better resource recovery, higher recycling rates, and reduced waste in the textile
recycling industry.

2. Review Methodology
This mini review focuses on textile fibre-type identification for the purpose of sorting

waste textiles. In this section, the search strategy, inclusion criteria and related work
are described.
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2.1. Search Strategy

A comprehensive search using Google Scholar and Scopus was conducted between
March and May 2025, and key words related to textile waste sorting were collected. No
specific dates have been set for inclusion. The resulting keyword search combinations used
were: (textile OR (textile AND waste) OR (textile AND fibre)) AND (sort* OR identif* OR
classif*). Both libraries were used equally, due to differing search results. In addition, the
reference lists of the collected studies were checked to maximise completeness.

2.2. Inclusion Criteria

To select the relevant literature to include in this review, several criteria were employed:

1. Articles must be peer-reviewed;
2. Articles must be written in English;
3. Articles should contain a formal description of at least one method for sorting textiles

by fibre content for the purpose of sorting postconsumer waste textiles;
4. Articles related to textile or fibre sorting/identification for the purpose of identifying

archaeological or historical samples were excluded.

For the general discussion of policy and industry context, both peer-reviewed papers
and online sources were used.

2.3. Related Work

The primary motivation behind this review is to cover the field of sorting textile waste
by fibre type for recycling purposes. Significant focus has been devoted to reviewing the
latest research in applying artificial intelligence to the development of automated sorting
system for recycling textile waste. To the best of our knowledge, no other survey has been
performed on this research problem; as such, this is the first to systematically analyse the
current literature.

3. Fibre-Type Identification for Fibre-Type-Based Recycling
The evolution of textile fibre identification is a journey from human-centric empirical

techniques towards increasingly instrument-based analytical methods. Historically, the
identification of textile fibres relied almost exclusively on manual methods [28], where ex-
perienced workers used visual inspection, tactile assessment (such as hand feeling of fibres),
and basic burn tests—observing flame, odour, and residue—to categorise materials like
cotton, wool, silk, and linen [29]. These methods, while easy to establish, were inherently
subjective, slow, and difficult for identification of complex blends. In the mid-20th century,
scientific laboratory techniques, such as microscopic analysis for characterising fibre mor-
phology and simple chemical solubility tests [30], have been utilised in fibre identification.
These methods improved the fibre identification accuracy, particularly for blended fibres. A
pivotal shift began with the adaptation of spectroscopic methods, particularly near-infrared
(NIR) spectroscopy, from the 1990s onwards in the textile industry. The spectroscopic
methods have the benefits of rapid, non-destructive identification of some major fibre types
in bulk. This inspired the development of a range of the latest fibre identification methods
with the integration of advanced sensor technologies, such as hyperspectral imaging and
RFID. This historical progression underscores a continuous trend: each technological leap
has been driven by the need to overcome the limitations of the previous generation in the
face of growing volume and material complexity.

Accurate identification of fibre type is a critical yet challenging step in textile waste
recycling, particularly in the development of automated sorting processes for large-scale
industrial applications. Table 1 summarises the key characters of the fibre identification
methods that have been developed so far. For textile waste recycling, the fibre identification
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method of choice should ideally be non-destructive, rapid, and cost-effective. Based on
these criteria, the following fibre identification techniques are reviewed and evaluated.

3.1. Label Inspection and Barcode Inspection

Label inspection represents one of the most straightforward and non-destructive ap-
proaches to textile fibre identification in waste streams. In most of the regions, textile
products are required by law to contain labels indicating the fibre type and fibre composi-
tion, in accordance with standards such as the UK Textile Products (Labelling and Fibre
Composition) Regulations 2012 and the EU Textile Regulation (EU) No. 1007/2011. The
examination of these labels allows for rapid classification of textile waste without the need
for laboratory analysis, thereby facilitating initial sorting processes in recycling and waste
management operations.

To facilitate fast recognition of textile product identity by machine, the introduction
of a low-cost, machine-recognisable Quick Response (QR) barcode in the textile label has
gained increasing attention [31]. It enables basic identification and categorisation of textile
products throughout the recycling chain. However, their reliance on line-of-sight scanning
machines limits automation and scalability in high-volume recycling processes. Similarly
to garment labels, the barcode could be lost or fade with usage and washing [32].

3.2. Radio Frequency Identification (RFID) Tags

Adding radio frequency identification (RFID) tags in garments is increasingly being
explored as an effective tool for enhancing traceability and efficiency in textile waste
recycling [32,33]. RFID tags provide advanced data storage and wireless communication
capabilities, allowing for remote identification, bulk reading, and the integration of detailed
information such as fibre composition, production history, and previous use cycles. The
adoption of RFID in textiles would promote recycling by facilitating more accurate sorting
of materials. However, the cost of RFID implementation and challenges associated with the
durability of the tag’s recyclability remain critical barriers [33].

3.3. Visual and Tactile Examination

Visual and tactile examination is a traditional, low-cost, non-destructive method for
preliminary classification of textile fibres, which can be used for fibre-type identification
in waste textile management. This method replies on a combination of assessments of
observable and perceptible characteristics such as surface appearance, lustre, drape, and
hand feel to differentiate between fibre categories, including natural, regenerated, and
synthetic fibres. Although this method offers immediacy and does not require specialised
equipment, the identification is subjective and is dependent on the assessor’s expertise.
Furthermore, factors such as fabric finishing treatments, wear, and contamination in post-
consumer waste streams may further complicate correct identification.
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Table 1. A comparison of methods for identifying textiles by fibre type.

Fibre Identification Method Advantages Disadvantages Cost Throughput
(Item/h) Environmental Impact TRL *

Label inspection Fast, simple to implement,
low cost

For post-consumer textiles only, rely
on the availability and accuracy of
the label

Low >100 Sustainable, minimal
waste generation 6–7

Visual and tactile examination Simple to implement,
low initial cost

Slow, prone to human error,
labour-intensive Low ~100 Sustainable, minimal

waste generation Not suitable

Near-infrared (NIR) Fast, requires no
sample preparation

Limited scope, sensitive to
environmental factors Low >500 Sustainable, minimal

waste generation 8–9

Fourier transform infrared
(FT-IR)

Fast, simple to implement,
could detect dye chemical
as well

Long sample preparation time Low >100 Sustainable, minimal
waste generation 4–6

Hyperspectral imaging (HIS) Fast, can analyse multiple
components simultaneously

High cost, sensitive to
environmental factors High >100 Sustainable if used

effectively 4–6

Microscopy High precision, could be
detailed analysis

Time-consuming requires
skilled personnel Moderate 10–100 Sustainable in controlled

environments 3–4

Burning test, solubility test Provides consistent measurement,
regulatory compliance

Deconstructive method, long
sample preparation time Moderate 10–100 Sustainable dependence on

waste handling Not suitable

DNA recognition High specificity, can
identify contamination

High cost, requires specialist
equipment, long sample
preparation time

High 10–100 Sustainable for
specialised applications 1–3

Differential calorimetry Accuracy thermal
property analysis

Requires calibration, can be
complex, long sample
preparation time

Moderate 10–100 Sustainable with proper
waste handling 1–3

Thermogravimetric analysis Effective for material
characterisation

May not provide complete
information, long sample
preparation time

Moderate <10 Sustainable dependent
on disposal methods 1–3

Gas chromatography High sensitivity, can analyse
complex mixtures

Requires expensive equipment and
trained personnel, long sample
preparation time

High <10 Sustainable dependent
on waste handling 1–3

* Estimated technology readiness levels (TRL) for automated sorting system. A 1-to-9 scale (lowest to highest) used to indicate a technology’s maturity in terms of usage in automated
sorting of textile waste, from basic research (TRL 1) to proven operational use (TRL 9).
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3.4. Near-Infrared (NIR) Spectroscopy

Near-infrared spectroscopy is a powerful technology used in the sorting process of
various materials, including textiles. NIR spectroscopy involves analysing the interaction
between near-infrared light and the molecular structure of materials, providing valuable in-
formation about the chemical composition, physical properties, and quality of textiles. The
near-infrared (NIR) spectrum covers the electromagnetic range between 780 and 2526 nm.
This spectrum range corresponds to the multiple and combined vibrational frequencies of
key organic molecule groups. The direct correlation between different molecular groups
and their characteristic spectral regions allows for the identification and composition predic-
tion of fibre types. This non-destructive technology, which requires no sample preparation,
is ideal for fast, accurate, and low-carbon sorting of waste textiles [34]. However, chal-
lenges remain, including the need for a comprehensive database of textiles with known
compositions, alignment of sorting categories with emerging recycling technologies, and
consideration of coatings, additives, and dyes that may impact spectral analysis. Addi-
tionally, multilayer textiles and core yarns containing elastane pose difficulties due to NIR
radiation’s penetration depth limitations of up to 150 µm [35]. For dark textile materials,
NIR spectroscopy is ineffective for fibre-type identification, due to their low reflectance,
which imposes stringent sensitivity requirements on the equipment [36]. Despite these
challenges, the integration of NIR spectroscopy into industrial practices presents signifi-
cant potential for establishing defined input streams for future recycling initiatives and
advancing toward a circular textile economy.

3.5. Fourier Transform Infrared (FT-IR) Spectroscopy

Fourier transform infrared spectroscopy is a widely used analytical technique for
the identification and characterisation of textile fibres. FT-IR measures the absorption of
infrared radiation by a material, providing a molecular “fingerprint” that reveals informa-
tion about its chemical structure and functional groups. The infrared spectrum typically
spans the range of 2500–25,000 nm (4000–400 cm−1 in wavenumbers), corresponding to
the fundamental vibrational frequencies of molecular bonds. Distinct absorption bands
are directly associated with specific chemical bonds in natural, synthetic, and blended
fibres, enabling accurate fibre-type identification and assessment of chemical modifications.
This method offers rapid, reliable, and precise analysis for potential textile fibres for fibre
recycling applications [37].

3.6. Hyperspectral Imaging

A hyperspectral imaging system has been utilised for analysing textile properties [38],
primarily focusing on fibre or foreign object identification and predicting the properties of
textiles after lamination or finishing procedures [39,40]. The hyperspectral imaging system
captures detailed spectral information across a wide range of wavelengths, enabling the
identification and classification of materials, based on their unique spectral signatures,
making it a powerful tool in the sorting process of textiles and other materials.

The fundamental principle of hyperspectral imaging is based on the idea that mate-
rials respond to light differently, depending on the wavelength. Hyperspectral cameras
capture images across numerous narrow and contiguous wavelength bands within the
electromagnetic spectrum [41], including visible, near-infrared, and sometimes short-wave
infrared regions. Each pixel in these images contains extensive spectral data, facilitating
detailed analysis and material identification. The imaging methodology involves collecting
a sequence of images, each corresponding to a specific wavelength band, using specialised
cameras equipped with spectral filters or dispersive components like prisms or gratings.

https://doi.org/10.3390/textiles6010028

https://doi.org/10.3390/textiles6010028


Textiles 2026, 6, 28 7 of 19

This results in an image cube that encompasses two spatial dimensions (x and y) alongside
one spectral dimension (wavelength or frequency).

Hyperspectral imaging enables advanced spectral evaluation of textiles by analysing
the image cube it generates. Various algorithms, including spectral unmixing, feature
extraction, and machine learning techniques, are used to extract relevant information
and identify spectral patterns associated with different materials [41]. This technology
allows for precise identification and classification of textiles, based on their unique spectral
signatures, which reflect distinct patterns of absorption, reflection, or scattering [42]. By
comparing these signatures to established reference spectra, hyperspectral imaging can
accurately categorise textiles in real time, based on criteria such as fibre composition, dye
types, and quality metrics. The benefits of hyperspectral imaging include comprehensive
insights into textile composition and quality, high throughput processing, reduced reliance
on manual inspection, and enhanced operational efficiency. This technology significantly
aids the recycling sector by promoting the effective segregation and resource recovery of
various textile types.

The main limitations of hyperspectral imaging for textile sorting include high costs and
sensitivity to factors such as lighting, contaminants and blended textiles. The high cost of
HSI is attributed to its hardware requirements, including advanced sensors (e.g., InGaAs),
specialised optics for spatial–spectral imaging and its niche, small-scale applications, which
preclude the cost reductions achieved through mass production. Challenges with scalability
limit its ability to be integrated into large-scale recycling operations.

3.7. Microscopic Analysis

Microscopic analysis is a non-destructive and well-established method for the iden-
tification of textile fibres. The technique involves examining the fibre morphology under
optical or electron microscopy to observe diagnostic structural features, including cross-
sectional geometry, longitudinal surface characteristics, and the presence of distinctive
markings or inclusions. Natural fibres typically exhibit characteristic morphologies: cot-
ton displays a flattened, twisted ribbon-like structure with convolutions and wool and
other animal hairs possess overlapping cuticle scales, whereas synthetic fibres generally
present smooth, uniform surfaces with consistent diameters [30]. Detailed examination
of cross-sectional features and surface patterns can also aid in determining the botanical
or zoological origin of natural fibres. Although differentiating synthetic fibres produced
from different monomers remains challenging, microscopic analysis is highly effective for
separating natural fibres from synthetic fibres and for distinguishing cellulosic fibres from
animal hairs.

4. Manual Sorting of Textile Waste
Conventional sorting techniques for textile recycling primarily rely on manual or

semi-automated processes that have long been used to categorise textile materials for reuse
or recycling [28]. Manual sorting of textile waste represents one of the first steps in textile-
containing waste management and remains the dominant commercial sorting practice,
particularly in small scale local sorting centres [29]. Manual sorting methods often have
limited criteria, focusing primarily on fabric type, colour, and condition [43,44]. According
to the four-level sorting hierarchy proposed by Nørup et al. (2018), manual sorting was
considered as levels 1 and 2, in which textile items are separated from other objects, such
as shoes and bags within mixed waste streams [45]. However, extending manual sorting to
level 3—where separation is based on fibre type—is both challenging and unreliable.

Traditional fibre identification techniques, such as label inspection and visual–tactile
examination, offer low cost, simple-to-implement benefits and are therefore widely used
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in small-scale textile recycle sites, such as charity shops, small retailers and local recycle
sites. However, the accuracy of label inspection is contingent upon the legibility, integrity,
and correctness of the information at the post-consumer stage. Factors such as label loss,
wear-induced fading, and manufacturing mislabelling can significantly reduce its relia-
bility [46,47]. Consequently, manual sorting is subjective, labour-intensive, and highly
susceptible to human error [48,49]. Accurate identification and segregation of materials
are essential for maintaining the quality and value of recycled outputs [50,51], yet man-
ual sorting based on product labels remains unreliable [32,52]. In the trial reported by
Nørup et al., 2018, within the ~3% textile materials in the 1563 kg waste collected from
100 households over 2 weeks, only 30–40% of the fibre types were identifiable based on
label inspection [45].

Visual–tactile examination offers immediacy and requires no specialised equipment,
but its effectiveness depends heavily on operator expertise and is compromised by finishing
treatments, wear, and contamination in post-consumer waste streams [47]. This method gen-
erally enables sorting according to the predominant fibre type (e.g., primarily cotton-based
or primarily polyester-based textiles) but cannot reliably determine the quantitative compo-
sition of fibre blends. Additionally, direct handling of post-consumer textiles may expose
workers to health risks associated with potential biological or chemical contamination.

To improve accuracy and speed, manual sorting can be supplemented with portable
commercially available textile composition identification devices, such as FabriTell (Hand-
Held) and trinamiX analysers [53,54]. These tools offer on-site, swift fibre identification
based on spectroscopy, such as NIR. These tools offer notable enhancements in reliability
compared with traditional manual methods. Nonetheless, manual workflows remain funda-
mentally constrained by the processing capacity: the volume of textile waste requiring clas-
sification exceeds what can feasibly be handled by human operators at a commercial scale.
Therefore, the development and deployment of automated sorting systems—incorporating
high-speed fibre-type identification, robotic picking technologies, and automated material
transport (e.g., conveyor systems)—is essential for achieving scalable and economically
viable textile-waste recycling.

5. Automatic Sorting of Textile Waste
Machine learning (ML) and artificial neural networks (ANNs) are powerful tools for

automating the classification and sorting of textiles by fibre type [55]. ML algorithms
enable systems to learn patterns from large datasets, making them particularly effective
for analysing complex and high-dimensional data. ANNs are a subset of ML inspired by
the structure and function of biological neural networks. They are adept at identifying
subtle variations in spectral or imaging data for the purpose of distinguishing different
fibre types.

ML algorithms work by identifying patterns in data and using these patterns to make
predictions or decisions without being explicitly programmed. In supervised learning, the
most common approach, algorithms are trained on labelled datasets where the input data
are paired with known outputs. The model learns to map inputs to outputs by minimising
the error between its predictions and the actual label through iterative optimisation pro-
cesses, such as the gradient descent. These types of models are ideal for classification tasks
such as classifying textiles by fibre type. The primary limitation of these approaches for
classification is the need for extensive training data that accurately represent the variability
expected in real-world deployment.

Alongside different machine learning models, other statistical methods have been
utilised in the research for sorting the textile data. For this reason, the following literature
sections are sorted into two main classes, according to the approach implemented to
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perform automated sorting: statistical and traditional machine learning methods and
artificial neural networks. These two sections explore in detail the selected works gathered
in the search, while the fibre identification methods, dataset and sorting results were
summarised in Table 2.

5.1. Statistical and Traditional Machine Learning Methods

In a recent study, Cura et al. used a ProFOSS NIR process analyser with Metrohm Vi-
sion™ software to construct a recognition model to recognise six classes of cotton, polyester
and viscose [26]. Achieving a 73% accuracy rate, their model successfully classifies textile
samples, even those with blended compositions. However, challenges arose in identifying
blends with smaller fibre increments (10% or less), leading to misclassifications as pure
samples of the other fibre type.

Davis et al. employed the soft independent modelling of class analogy (SIMCA), a
supervised classification technique based on principal component analysis (PCA). Utilising
diffuse NIR spectra for six pure textile classes (acetate, cotton, polyester, rayon, silk and
wool), they achieved impressive accuracy rates ranging from 89% to 98% per class [56]. They
highlight the ability of their model to be able to correctly identify counterfeit silk as polyester.
Notably, their study featured a larger library of textile samples, with 758 samples over
six classes, enhancing the model’s robustness. In a similar study, Zhou et al. also applied
SIMCA with NIR spectra, obtaining a 97% recognition rate for classifying various pure
composition textile samples [57]. Their optimised NIR model successfully distinguished
cotton, polyester, polyamide, acrylic, silk, and wool during external validation, attributing
its success to spectral pre-processing and wave-number range optimisation.

Blanch Perez del Notario et al. made use of hyperspectral imaging (HSI) in the visual
near-infrared (VNIR) range for classifying waste textile samples based on colour and ma-
terial composition [58]. They highlighted the advantages of using VNIR over short-wave
infrared (SWIR), emphasising faster sample inspection. However, they acknowledged
VNIR limitations in spectral information due to textile colour: a challenge that is absent
in SWIR. Also utilising HSI spectral data, Mäkelä et al. uses regression methods to deter-
mine the polyester content in 33 textile samples, achieving an average prediction error of
4.5% [59]. They suggested that increasing the number of samples could further reduce the
prediction error.

Bonifazi et al. investigated the viability of NIR spectroscopy, employing HSI and
a portable spectroradiometer to identify end-of-life textile fibres, including cotton, silk,
viscose, and blends. Achieving precision rates of over 99.2% for HSI and 100% for the
spectroradiometer experiments using partial least squares—discriminant analysis (PLS-
DA) demonstrated successful classification of fabric types, including blended textiles [60].
Owing to the limited sample size (only five samples per class), the findings are at risk of
overfitting, which limits their statistical power. Future studies should therefore validate
these results using a larger dataset.

Peets et al. explored attenuated total reflection Fourier-transform infrared (ATR-FT-
IR) spectroscopy and chemometric methods, facing challenges in distinguishing between
cellulose-based pure fibres and addressing issues with blended fibres due to spectral simi-
larity [61]. Riba et al. also used ATR-FT-IR spectroscopy with various multivariate mathe-
matical models, including PCA, canonical variate analysis (CVA), and k-NN algorithms, to
analyse a dataset of 350 textile samples, boasting a 100% recognition rate [62]. However,
their study lacked analysis of blended samples, which potentially impacts the prediction
accuracy. Peets et al. further investigated the application of reflectance Fourier-transform
infrared (r-FT-IR) spectroscopy for non-destructive analysis of textile fibres, comparing it
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with attenuated total reflection (ATR) methods. Using random forest classification, accuracy
scores of 90% for reflectance mode and 96% for ATR-FT-IR were achieved [63].

Sun et al. focused on measuring the cotton content in blended cotton/polyester textiles
using NIR spectra [64]. Their partial least squares (PLS) model results, gaining a coefficient
of prediction (rp) of 98.8% and a root mean square error of prediction (RMSEP) of 2.1%,
show that by using NIR spectra, there is potential to not only classify textiles categorically
but also to quantify the fibre content depending on the requirements of the sorting facilities.

Becker et al. performed multiple experiments with pure and blended samples to
determine the sortability of polyester-containing textiles using NIR and QCI [35]. One
notable experiment investigates the ability of sorting wet textiles. They determine that the
NIR spectra of wet samples can be identified; however, their sorting model needs to be
taught the spectra for the wet textiles alongside the dry textiles.

In a novel method, Riba et al. combined NIR and mid infrared (MIR) spectra to identify
pure textiles, addressing challenges in NIR with dark-coloured (low reflectance of radiation)
and wet textiles (distorted spectra) [65]. Data fusion of NIR and MIR spectra outperformed
the use of NIR alone in distinguishing blended textiles, albeit with the drawback of MIR
spectroscopy being less applicable on an industrial scale.

In a departure from NIR, Bonifazi et al. adopted SWIR, employing a portable spec-
trophotometer to collect SWIR reflectance spectra for various end-of-life textiles [66].
Statistical techniques, including PCA and PLS-DA, demonstrated promising accuracy
results of 98.4%. Misclassifications were attributed to blended textiles with unknown
fibre percentages.

5.2. Artificial Neural Networks

Several studies have explored the application of artificial neural networks in textile
classification tasks. Huang et al. employed a diverse set of methods including traditional
machine learning algorithms (K-nearest neighbours (KNN), support vector machine (SVM),
random forest (RF), PLS-DA) and neural networks (back propagation neural network
(BPNN) and 1D-CNN) to classify HSI data for 25 samples of pure and blended textiles [67].
Among traditional machine learning methods, RF exhibited the highest accuracy at 91.4%,
while the 1D-CNN outperformed it, achieving an impressive 98.6% classification accuracy
on test data.

A convolutional neural network (CNN) is used by Du et al. to sort waste textiles into
13 categories, achieving over 95% accuracy by converting NIR spectra into a 2D image
format, and then developing a sorting strategy based on the 2D images [68]. While they
included blended textiles, they did not differentiate them by the fibre amount, treating all
compositions of a specific blend type as a single category, which is beneficial in scenarios
prioritising fibre presence over quantity. Similarly, Liu et al. proposed the CNN-based
model textile recycling net (Tr-Net) for qualitative analysis of waste textiles through NIR
spectroscopy [69]. This CNN processed pixelated waveform images, achieving a notable
96.2% classification accuracy, showcasing superiority over traditional methods like SVMs
and multi-layer perception (MLP).

Riba et al. also utilised a CNN model with NIR spectra in three experiments to classify
pure textile samples, blended samples of viscose and polyester in different percentages
and blended samples of cotton and polyester in different percentages [70]. In three ex-
periments, when employing PCA and CVA for dimensionality reduction on the spectra,
the CNN performs with higher accuracy (with only zero or one classification errors) than
training the CNN solely on the measured spectra without PCA and CVA (three or four
classification errors).
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Table 2. Investigation of fibre-type identification for potential automatic sorting (All abbreviations can be found in the list of abbreviations at the end of the paper).

Fibre Identification
Method

Identification
or Quantitative Dataset Sorting Method Validation Results Ref.

NIR Quantitative 51 samples, cotton/terylene and cotton/wool,
pure and blends BPNN Train/test split 99.8% correlation coefficient [71]

NIR Identification and
quantitative

892 samples, 11 classes, polyester,
cotton, wool, viscose, nylon, silk, acrylic,
polyester/nylon, polyester/cotton,
polyester/wool and silk/cotton,
pure and blends

BPNN External validation set 99% accuracy [72]

NIR Identification
263 samples, polyester, wool, cotton,
nylon, polyester/wool, polyester/cotton,
polyester/nylon, pure and blends

CNN (Tr-Net) Train/test split 96.2% accuracy [69]

NIR Identification 30 samples, cotton, polyester, elastane,
viscose, acrylic and wool, pure and blends QCI, CNN Not reported

Up to 100% accuracy for pure,
90–100% for binary mixtures,
0.1–0.3 s/item

[35]

NIR Identification

2764 samples, 13 classes, polyester,
cotton, wool, silk, viscose, nylon, acrylic,
polyester/cotton, polyester/wool,
polyester/nylon, polyester/viscose,
nylon/spandex and silk/cotton,
pure and blends

CNN External validation set Over 95% accuracy [68]

NIR Identification and
quantitative

Multiple datasets, polyester and viscose,
dry and wet, blends

Multiple machine and
deep learning models Train/test split

Improved accuracy for all
models with addition of external
parameter orthogonalisation
(EPO) to NIR data

[73]

NIR Identification 194 samples, cotton and polyester,
pure and blends PLS K-fold cross validation Prediction coef. 98.8%,

RMSEP 2.1% [64]

NIR Identification

Multiple datasets, cotton, linen, wool,
silk, polyester, polyamide, viscose,
viscose/polyester or cotton/polyester
pure and blends

PCA, CVA, K-NN Train/test split 98.4% accuracy [70]

NIR Identification

253 samples, cotton, polyester, viscose,
cotton/polyester, cotton/elastane,
wool/cashmere wool/polyamide/elastane,
pure and blends

REISKAtex sorting
lab pilot Not reported 73% accuracy, 2 s/ item [26]
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Table 2. Cont.

Fibre Identification
Method

Identification
or Quantitative Dataset Sorting Method Validation Results Ref.

NIR Identification 758 samples, 6 classes, acetate, cotton,
polyester, rayon, silk and wool, pure only SIMC Cross validation 89–98% accuracy per class [56]

NIR Identification
525 spectra, 7 classes, cotton, Tencel, wool,
cashmere, polyester, polylactic acid,
polypropylene, pure only

SIMC Train/test split Up to 100% recognition [57]

NIR and MIR Identification Multiple datasets (natural, synthetic and mixed
fibre), pure and blends PCA, CVA, K-NN Train/test split RRMSE 0.0235–0.7378

depending on experiment [65]

SWIR Identification
36 samples, 12 classes (3 for animal-derived,
4 for plant-derived and 5 for artificial textiles),
pure and blends

PLS-DA K-fold cross validation 98% accuracy [66]

ATR-FT-IR Identification 89 samples, 26 classes (11 one- and 15
two-component textiles), pure and blends Discriminant Analysis Train/test split Successful with pure samples [61]

ATR-FT-IR Identification
350 samples, 7 classes (cotton, linen, wool, silk,
viscose, polyamide, polyester 50 each),
pure only

PCA, CVA, K-NN Train/test split 100% recognition rate [62]

ATR-FT-IR Identification

61 samples, 16 classes, wool, silk, cotton, linen,
jute, sisal, viscose, cellulose acetate, Tencel™
(lyocell), fibreglass, polyester, polyamide,
polyacrylic, elastane, polyethylene and
polypropylene, pure only

Random Forest Not reported 99% accuracy reflectance, 96%
accuracy ATR [63]

HSI Identification
Multiple datasets, cotton, polyester, wool,
viscose, polyamide, silk, acrylic and cotton
blends, pure and blends

SVM, PCA, QDC Train/test split
Up to 100% accuracy with pure
samples, blends misclassified,
10 s/item

[58]

HSI Identification 33 samples, polyester, cotton, synthetic cotton,
pure and blends Image Regression Train/test split Prediction error 2.2–4.5% [59]

HSI Identification 25 samples, 5 plant fibres, 4 animal fibres,
2 synthetic fibres, pure and blends

Multiple machine and
deep learning models Train/test split Best accuracy 99.6% for

1D-CNN [67]

HSI, PSPR Quantitative 5 samples, cotton, silk, viscose, cotton–viscose,
cotton-silk, pure and blends PLS-DA Train/test split

99.2% precision HSI,
100% precision
spectrophotoradiometer

[60]

https://doi.org/10.3390/textiles6010028

https://doi.org/10.3390/textiles6010028


Textiles 2026, 6, 28 13 of 19

Liu et al. focused on quantitative measurements of fibre contents in blended textiles
using BPNN and optimising parameters, such as the number of hidden neurons and wavelet
decomposition scale, for high prediction precision [71]. Their BPNN model demonstrated
superior accuracy, with correlation coefficients of 99.8% for cotton and terylene contents,
outperforming the PLS model and proving suitable for quantitative fibre content analysis.
Also utilising BPNN, Li et al. tackled waste textile classification with NIR data for an
extensive dataset of 892 samples. The model achieved a classification accuracy exceeding
99%, with misclassifications primarily occurring when a sample contained less than 5% of
a specific component [72].

In a study to address one of the issues faced when dealing with post-consumer textile
waste, wet textiles, Qiu et al. evaluates the effectiveness of the external parameter orthogo-
nalisation (EPO) algorithm in correcting variations in the NIR spectra when moisture is
introduced to the textiles [73]. When trained with data treated by the EPO algorithm, both
deep learning and traditional machine learning models performed with a greatly reduced
prediction error.

Across the literature, high classification accuracies and precisions are reported, regard-
less of the specific sorting algorithm employed. However, models based on artificial neural
networks often demonstrate improved performance compared with traditional approaches,
suggesting potential benefits for future research and practical applications.

6. Commercial Development, Challenges and Future Direction
The current research shows promising results with controlled datasets of textile sam-

ples; however, several challenges must be addressed before automated sorting of post-
consumer textiles becomes routine. This section highlights the remaining challenges and
explores potential future research directions to overcome them.

6.1. Commercial Development of Automatic Sorting System

There has been significant interest around the prominent commercial or near-
commercial automated recognition and sorting systems [27,29]. These systems mainly
utilise NIR as fibre identification technology. A schematic diagram of a typical automated
sorting system, such as the SIPTex system [74], is shown in Figure 1. These systems have
received considerable acclaim. The European Union’s mandate for the separate collection
of textile waste, set to take effect in 2025, is anticipated to accelerate the development
of cost-efficient textile sorting facilities [75]. There are some limitations that hinder the
deployment of these methods on a wider scale, including their ability to handle the volume
of waste and deal with complex blends.

Figure 1. Schematic diagram of a simplified SIPTex pipeline.
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6.2. Volume of Waste

One major challenge facing the sorting of textile waste is the sheer volume of waste
produced. With the primary method of sorting currently manual sorting, the vast majority
of textile waste is incinerated or sent to landfill. Even with these new technologies starting to
become available in industry, such as Fibersort or SIPTex, their early stages and limitations
mean that significant amounts of manual sorting is still required. As manual sorting
is laborious, requiring months of training to ensure accurate sorting into hundreds of
categories, and is often unreliable, automated systems need to be improved to reduce or
eliminate the need for intensive manual sorting.

6.3. Blended Textiles

While there are studies investigating sorting fabrics based on their blended fibre
contents, it is clear that pure textiles provide better sorting results. In many of the studies,
the number of samples used for training is quite small [68]. These results would be more
reliable if the sample size could be expanded [67]. It would be advantageous to train the
models used with a larger set of samples [35] to allow the models to learn more about how
to identify and separate the blended fabrics.

It is also worth looking into the recycling methods that will be used for different fibre
types. In certain cases, widening the window for the recognition class, for example 50–90%
cotton/50–10% PET, rather than smaller increments such as 80–90% cotton/20–10% PET, to
improve sorting accuracy may be beneficial and have little effect on the way the textiles
are handled after sorting. Similarly, it may be possible to accept small amounts of blended
fibre (10% or less for example) in a pure category [26] if the recycling method allows.

6.4. Multi-Layered Textiles

With NIR spectroscopy forming the basis of almost all the research on textile sorting,
it is important to note the limitations of the method. The nature of spectroscopy in the NIR
region means that only the surface of a sample is analysed; this means that textiles with
multiple layers or coatings are not able to be analysed below that surface layer [68]. There-
fore, textiles with multiple layers, including laminated layers or coatings, pose challenges
in terms of accurately identifying and separating the different components during sorting.

6.5. Wet and Soiled Textile Waste

With NIR spectroscopy, the spectra of a textile can be distorted by the presence of
moisture [67]. This means that any garments which are analysed when wet will struggle
to be identified correctly due to the changes in the spectra of fibres. The water’s O-H
absorption bands near 1450 nm and 1940 nm overlap the peaks that are used to identify
cotton and viscose [73].

Furthermore, it is not unlikely that some post-consumer waste will arrive at a sorting
facility dirty or soiled with unknown substances. Depending on the severity of the soiling,
it may also affect the spectra of the fibres, thus hindering the sorting process. Further
research is needed to determine methods of dealing with wet and soiled garments [62].

6.6. Machine Learning and Artificial Neural Networks

While ML algorithms and ANNs show huge potential for sorting and classifying waste
textiles, they still face some limitations. One key challenge is the need for high-quality,
labelled datasets that accurately represent the variability in textiles, including blended
fibres, dyes and finishes. To date, the datasets used in studies are able to cover only a small
subsection of the variety that can be found in real textile waste centres.
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Overfitting, where models perform well on training data but poorly on unseen samples,
is another potential limitation, particularly when datasets are small. Furthermore, the com-
putational requirements for training and deploying ML models can be resource intensive.

6.7. Economic Feasibility

The commercial economic feasibility of automated sorting systems is intrinsically
linked to the processing scale. A key metric for industrial adoption is the break-even
point—the annual throughput at which the capital investment and operational costs of
the automatic sorting system are offset by the value of recovered materials. According
to a recent report published by WRAP on the textile waste automated sorting system, a
model of processing 25,000 tonnes per annum of worn-out textile waste was considered [76].
It suggested that achieving the scale of automation for this value-chain segment would
unlock significant efficiency gains, drive down sector-wide costs, and elevate the quality
of feedstock for textile recycling. Future developments in system modularity, reduced
fibre identification equipment costs, and policy incentives for high volume processing
could lower this break-even point, making automated sorting accessible to a broader range
of operators.

7. Conclusions
The transition from traditional manual sorting of post-consumer textiles to automated

sorting systems is essential for enhancing recycling efficiency and sustainability. The
limitations of manual methods underscore the need for innovative technologies that can
streamline the sorting process, especially with regard to sorting by fibre type. In this paper,
state-of-the-art sorting algorithms are reviewed. Non-destructive methods, including near-
infrared (NIR) spectroscopy and hyperspectral imaging, accompanied by statistical and
machine learning algorithms, show promise in automating the sorting process. However,
challenges such as the volume of waste, sorting blended fibres, issues with multilayered
textiles, and handling wet and soiled garments underscore the need for future research to
refine and enhance automated sorting technologies, fostering sustainability in the textile in-
dustry through improved recycling practices. Looking ahead, the future of textile recycling
will likely see increased adoption of automated sorting methods, foster better resource
recovery and contribute to a circular economy. Emphasising research and development in
this field will be crucial for overcoming the existing hurdles and maximising the potential
of textile recycling.
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Abbreviations
The following abbreviations are used in this manuscript:

ATR-FT-IR Attenuated total reflectance-Fourier transform infrared
BPNN Back-propagation neural network
CNN Convolutional neural network
CVA Canonical variate analysis
EPO Orthogonalisation of external parameters
FT-NIR Fourier transform near-infrared
HSI Hyperspectral imaging
K-NN K-nearest neighbours
MIR Mid-infrared
NIR Near-infrared
PCA Principal component analysis
PLS Partial least squares
PLS-DA Partial least squares discriminant analysis
QCI Quantitative chemical imaging
QDC Quadratic discriminant classifier
r-FT-IR Reflectance Fourier transform infrared
RMSEP Root mean square error of prediction
RRMSE Relative root mean square error
SIMCA Soft independent modelling of class analogy
SVM Support vector machine
SWIR Short-wave infrared
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