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Abstract

Textile waste is a significant environmental challenge exacerbated by the resource-intensive
nature of textile production and the fast fashion industry. Since the 1980s, global textile
fiber production has grown by about 3% annually, reaching 107 million tons in 2018.
However, only 12% of the annual fiber production for consumer clothing is recycled, with
the majority ending up in landfills or incinerators. This thesis discusses the efficient
sorting in textile recycling by applying an advanced textile quantification method. It
focuses on the application of Infrared (IR) Spectroscopy, a non-destructive method known
for its ability to identify textile compositions through unique spectral fingerprints. The
aim is to realize the use of IR Spectroscopy to accurately estimate the blend ratios of
polyester and cotton in textiles in a non-destructive and efficient manner.

The methodology covers the use of both Mid-Infrared (MIR) and Near-Infrared (NIR)
spectroscopy to increase the accuracy and reliability of textile composition analysis. By
combining spectroscopic data with seven different machine learning models, this study
aims to improve the predictive capabilities of textile recycling technologies. The project
includes determining the correct sample size and analyzing how regression models perform
with different preprocessing methods.

By using a Bootstrap-based margin of error approach, it was possible to determine the
minimum number of measurement spots required to obtain statistically reliable spectra.
The combination of Near-Infrared (NIR) spectroscopy with machine learning models
provided a fast and accurate approach for textile quantification. We observed that the
choice of preprocessing method played a critical role in regression accuracy and model
generalization. Overall, Partial Least Squares Regression, Least Squares Support Vector
Machine as well as Kernel Ridge Regression emerged as the best performing solutions for
quantifying cotton content in blended textiles. Our results also indicated that tree-based
models were prone to overfitting, while Convolutional Neural Networks were unstable.
The findings set the stage for further research into multi-fiber textile blends and the
incorporation of complementary spectroscopic techniques.
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Kurzfassung

Textilabfälle stellen eine erhebliche Umweltbelastung dar, die durch den ressourcenin-
tensiven Charakter der Textilproduktion und die Fast-Fashion-Industrie noch verschärft
wird. Seit den 1980er Jahren ist die weltweite Textilfaserproduktion jährlich um etwa
3% gewachsen und erreichte 2018 107 Millionen Tonnen. Allerdings werden nur 12% der
jährlichen Textilproduktion für Verbraucherbekleidung recycelt, der Großteil landet auf
Mülldeponien oder in Verbrennungsanlagen. Diese Arbeit befasst sich mit der effizienten
Sortierung von Textilabfällen durch Anwendung von Methoden zur Textilquantifizier-
ung. Der Schwerpunkt liegt auf der Anwendung von Infrarotspektroskopie (IR), einer
zerstörungsfreien Methode, die Textilzusammensetzungen anhand ihre spektralen Finger-
abdrücke identifizieren kann.

Ziel ist es, die IR-Spektroskopie zu nutzen, um den Anteil von Baumwolle und Poly-
ester in Textilien zu bestimmen. Die Methodik umfasst den Einsatz von Mittelinfrarot-
(MIR) und Nahinfrarot- (NIR) Spektroskopie, um die Genauigkeit und Zuverlässigkeit
der Analyse zu erhöhen. Durch die Kombination spektroskopischer Daten mit sieben
verschiedenen Regressionmodellen zielt diese Studie darauf ab, die Sortierung von Textilab-
fällen während des Recyclingprozesses zu verbessern. Das Projekt umfasst die Bestimmung
der richtigen Stichprobengröße sowie den Vergleich verschiedener Regressionsmodelle mit
unterschiedlichen Methoden der Datenvorverarbeitung.

Durch einen Bootstrap-basierten Ansatz konnte die Mindestanzahl an Messungen
bestimmt werden, die für statistisch zuverlässige Spektren erforderlich ist. Die Kom-
bination von Nahinfrarot- (NIR) Spektroskopie mit Regressionsmodellen ermöglichte
einen schnellen und genauen Ansatz zur Textilquantifizierung. Wir stellten fest, dass die
Wahl der Vorverarbeitungsmethode eine entscheidende Rolle für die Prognosegenauigkeit
und die Generalisierbarkeit der Modelle spielte. Insgesamt erwiesen sich Partial Least
Squares Regression, Least Squares Support Vector Machine sowie die Kombination aus
Kernel Ridge Regression und der Vorverarbeiungsmethode Standard Normal Variate als
die besten Lösungen zur Quantifizierung des Baumwollgehalts in Mischtextilien. Unsere
Ergebnisse zeigten auch, dass Modelle basierend auf Entscheidungsbäumen und Convolu-
tional Neural Networks zu Overfitting neigten. Die Erkenntnisse bilden die Grundlage für
weitere Forschungen zu Mehrfaser-Textilmischungen und der Einbeziehung ergänzender
spektroskopischer Techniken.
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1. Introduction

Textile waste is a growing environmental issue due to the resource-intensive nature of
textile production and the fast fashion industry [JLLY22]. Since the 1980s, global textile
fiber production has grown by about 3% each year, reaching 107 million tons in 2018.
Each year, 53 million tons of fiber are produced for clothing. Only 12% of this amount
of fiber is recycled, while 73% ends up in landfills or incinerators [MRS20]. Despite the
high waste generation, the amount of textiles produced for clothing and footwear alone is
expected to exceed 100 million in 2030. The current textile production system contributes
significantly to environmental challenges due to its high resource consumption and waste
production, as it is predominantly linear and operates on a “take-make-dispose” model
[VNL19]. Transitioning to a circular economy focusing on reuse, repair and recycling can
significantly reduce the environmental impact of textile waste [NMH+20].

However, textile transformation is not an easy process. The management of textile
waste poses a significant challenge as traditional separation and sorting methods are
labor-intensive, costly, prone to inaccuracies and not particularly efficient [DMHG+21].
These methods face challenges in handling the large and complex waste streams generated
by the global textile industry, which mainly uses polyester (PET) and cotton fibers.
In addition to being inefficient, the chemicals used in recycling damage textile fibers
[ROD+06]. Due to these circumstances, it is important that textile waste is sorted quickly
and harmlessly.

The Josef Ressel Center "Recovery Strategies of Textiles (ReSTex)" is dedicated to
developing methods to improve textile recycling. One objective is to characterize cotton-
polyester blended textiles containing varying proportions of these fibers using Near-Infrared
(NIR) and Mid-Infrared (MIR) spectroscopy for more efficient textile recycling process of
different fibers and fabrics. The thesis is supported by ReSTex.

The adoption of spectroscopic techniques for textile recycling represents an innovative
approach that aims to improve both sustainability and efficiency in the sector [TCLW19,
LDHD07]. Spectroscopic techniques can be used to detect and measure textile components
very effectively and quickly by revealing unique light absorbance or reflection patterns.
Among spectroscopic techniques, Infrared (IR) Spectroscopy is the most widely used
method as it provides a non-destructive tool to identify textile compositions based on
their unique spectral fingerprints. IR spectroscopy is a technique used to measure the
interaction of infrared radiation with matter. Common functional groups in textiles, such
as O-H, N-H and C-H, contribute to different absorption properties in the IR region
[Tho18]. Each type of molecule in a textile contributes to its unique spectral signature
depending on its molecular structure and the types of chemical bonds it contains. For
example, the cellulose in cotton, the polyamide in nylon and the polyester components all
have different spectral properties. With IR Spectroscopy, chemical bonds in molecules
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1. Introduction

can be observed to absorb infrared light at different characteristic wavelengths. By
measuring these absorption patterns, scientists can determine the molecular structure
and composition of a sample [Hou09, ZYDW19]. Once the types of fibers are identified,
textiles can be more effectively sorted into categories that share similar properties.

When textiles are made from blends of different fibers, their spectra become a composite
of the spectra of each component fiber. The more a particular type of fiber is present,
the stronger and more dominant its spectral properties will be in the IR spectrum. Based
on this property, in this thesis, we aim to accurately estimate the blend ratios of a textile
product for which spectral data is provided. The scope of this thesis is limited to the
quantification of polyester and cotton because these two materials make up the majority
of the world's textile production, of which 24% are cotton and 52% are polyester [Ša22].

Figure 1.1.: The example of an MIR absorbance spectra of cotton/polyester blended
textiles with varying cotton content (34.01%, 40.93%, and 50% cotton) across
a range of wavenumbers from 4000 to 500 cm-1. The absorbance increases
with higher cotton content, particularly noticeable in the regions between
3000 to 3500 cm-1 and around 1000 cm-1 while polyester absorbance peaks
occur strongly in the regions 1500 to 1800 cm-1 and 1100 to 1300 cm-1.

Within the context of this thesis, we implement a spectroscopic analysis methodology
through a database where spectral measurements of a set of cotton-polyester blended
textiles are recorded. To create the database, a large number of textile samples need
to be measured, which poses a practical challenge. We strive to measure the smallest
number of points to save time, effort, and resources, but without compromising statistical
accuracy. Therefore, the thesis seeks to answer the following question:

1- What is the minimum number of measurement points per textile specimen required
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to ensure a statistically representative sample of textile materials?

Identifying the minimum number of measurement points per textile specimen is import-
ant for ensuring that spectral measurements represent the cotton-polyester blends. This
not only reduces resource expenditure but also allows for the creation of a statistically
robust and scientifically sound dataset. Through resampling methods, this thesis identifies
an efficient strategy to optimize measurement processes while retaining the integrity and
informativeness of the dataset.

Predicting the cotton percentage in a textile sample using IR spectroscopy represents a
quantitative multivariate calibration problem requiring a robust regression model. Such a
model must be developed using a large dataset that captures the main sources of spectral
variability, often necessitating advanced mathematical preprocessing, namely a baseline
treatment. For the analysis of cotton-polyester blended textiles, selecting a regression
model that balances prediction accuracy and computational efficiency is essential. This
thesis explores the second and third questions:

2- Which baseline treatment methods are most effective in enhancing regression model
performance, particularly in handling spectral variability and noise?

3- Which supervised machine learning model achieves the best performance for regres-
sion tasks, considering both prediction accuracy and generalizability? What is the
optimal hyperparameter space to explore for the models?

Since predicting the cotton or polyester content involves dealing with hundreds of
features (the absorbance at different wavenumbers), the relation between the absorbance
spectrum and the cotton-polyester ratio is highly complex. Due to the multivariate nature
of the data, our approach is to evaluate the problem with a multivariate calibration tech-
nique which includes data preprocessing, dimensionality reduction, building a regression
model and evaluation of the results. We examine different common preprocessing methods
and regression algorithms and compare the results to determine the most suitable method.

We systematically explore various baseline treatment methods, including baseline
correction techniques, to assess their effectiveness in reducing noise and accounting for
spectral variability. Additionally, we evaluate and compare different regression algorithms
to identify the most suitable model based on prediction accuracy and generalizability.
Beyond accuracy, it is important to consider how well the model generalizes. This
means that it should perform well on new, unseen data and not underfit or overfit. This
comprehensive analysis aims to determine the optimal combination of baseline treatment
methods and regression models for predicting cotton-polyester content in textile samples.

This thesis is organized into five chapters. Chapter 1 introduced the research questions
and gave a brief overview of the current state of textile recycling, with a focus on the
adoption of spectroscopic techniques. Chapter 2 discusses the relevant literature, offering
a review of previous work in this area. Chapter 3 outlines the methodology employed
in this study. The results and their implications are presented and analyzed in Chapter
4. Finally, Chapter 5 summarizes the key findings, draws conclusions, and highlights
directions for future research.
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2. State of Research

Effective treatment of textile waste requires a comprehensive understanding of its com-
position and quality, given the wide variety of fibers, dyes and contaminants present. By
incorporating advanced spectroscopic techniques and leveraging data analysis models,
fibers can be classified or quantified. In literature, we observe that classification tasks
where the goal is to assign each sample to one of several predefined categories or classes
based on its spectra are more predominant [LDHD07, PLPV17, ZYDW19, LMWX19]
than quantification tasks where percentage composition of each type of fiber in a blend
is measured with regression models [ROD+06, CTL20]. In this section, we present spec-
troscopic techniques and the regression models used in textile quantification which are
relevant to the thesis objective.

2.1. Spectroscopic Techniques

The characterization of textiles using spectroscopic techniques has become increasingly
sophisticated, focusing on identification and quantification of the composition of textile
materials. The core spectroscopic techniques utilized in textile analysis include near-
infrared (NIR) spectroscopy and mid-infrared (MIR) spectroscopy, each offering unique
advantages in terms of sensitivity, depth of penetration, and specificity to certain chemical
bonds.

2.1.1. NIR

NIR spectroscopy utilizes NIR type of light which ranges from 13000 cm-1 to 4000 cm-1

and detects absorption areas where the molecules vibrate. NIR spectroscopy is sensitive
to the overtone and combination vibrations of C–H, N–H, and O–H bonds, making it
suitable for analyzing organic materials such as textiles [CH07].

NIR spectroscopy can be done using Fourier Transform Infrared Spectroscopy (FT-IR)
technique. Traditional dispersive infrared (IR) spectroscopy involved checking each IR
frequency individually, which is time-consuming. FT-IR is faster and more accurate,
with a better signal-to-noise ratio than IR spectroscopy because it simultaneously checks
all IR wavelengths. With the use of specialized accessories, FT-IR spectrometers can
generate both transmission and reflection spectra. Reflectance spectroscopy is particularly
effective for analyzing materials that scatter infrared light and do not transmit it. This
method has become a widely adopted standard procedure in FT-IR spectroscopy [Tho18].
Margariti [Mar19] emphasizes that the use of FT-IR spectroscopy in reflectance mode
offers a truly non-invasive and non-destructive way to analyze materials. This technique
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2. State of Research

effectively identifies the characteristic compounds of organic matter preserved within the
fibers, without damaging the material under study.

NIR spectroscopy offers many advantages. Optical materials for NIR spectroscopy
are generally cheaper than those required for IR spectroscopy. It allows a sample to be
analysed in situ in its original state, and thus NIR spectroscopy can be used in a variety
of industries. It is also suitable for non-destructive testing of specimens of different shapes
and thicknesses [OM21]. In addition, the special rotating sphere we used, provided a
large scanning area which covers a spot size of 10 cm and made sample analysis more
robust with the ability of NIR to penetrate deep into matter. For these reasons, NIR
spectroscopy is highly effective for the measurement of textile materials.

NIR spectroscopy is not without its limitations. NIR bands arise from overtones and
combination modes. It means that instead of transitioning from the ground state to the
first vibrational level, molecules are excited to the second, third, or even higher vibrational
levels. The presence of many overlapping broad bands leads to strong multicollinearity,
making band assignments challenging [OM21]. Also, the spectra can be significantly
influenced by surface contamination and additives, which might alter the accuracy of the
fiber identification [PKVL19].

2.1.2. MIR

The Mid-Infrared (MIR) region covers wavenumbers from 4000–400cm-1, which are lower
than those in the Near-Infrared (NIR) region. In MIR region, fundamental vibrations of
the molecules occur which makes MIR spectroscopy highly sensitive. MIR spectroscopy is
effective for identifying functional groups, such as C=O, O–H, and C–S groups [Oza21].

A prevalent technique used in MIR spectroscopy is the Attenuated Total Reflectance
(ATR). ATR Cell, made from water-insoluble crystalline materials with high refractive
indices, improves spectrum acquisition from fibers. When infrared radiation enters the
crystal, it undergoes total internal reflection, creating a wave that extends near the surface
of the ATR crystal. When a sample touches the ATR crystal, an infrared spectrum is
generated on the sample surface, since the wave penetrates to a shallow depth. This wave
decreases exponentially with distance, making ATR insensitive to sample thickness and
suitable for the analysis of thick and highly absorbent materials. Furthermore, based on
the specific configuration, ATR crystals can generate multiple internal reflections, which
enhances the sensitivity of the measurement [Tho18].

In the thesis, MIR spectroscopy was performed using a single-reflectance ATR crystal.
Due to the localized nature of ATR measurements, the scan area was limited to the
crystal’s contact region and covered a spot size of 2-3 mm. Because of the small scan area
of the ATR crystal, only a limited region of the textile samples was measured, which may
influence the representativeness of the spectral data. Table 2.1 provides a comparison of
NIR and MIR spectroscopy, highlighting their respective advantages and limitations.
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Table 2.1.: Comparison of NIR and MIR spectroscopy techniques

Advantages Disadvantages

NIR • Large scan area

• Light penetrates deeper into the
sample

• Fundamental vibrations of mo-
lecular bonds do not occur

• Overtones lead to broader bonds

MIR • Fundamental vibrations of mo-
lecular bonds occur, making
the spectral profiles sensitive to
chemical composition

• Very small part of total sample
area is inspected

• Light penetration is limited, fo-
cusing on surface-level analysis

2.2. Data Analysis Methods for Spectral Data

2.2.1. Properties of Spectral Data

Spectral data typically consists of hundreds to thousands of wavelengths, leading to
high-dimensional datasets. This can result in complex data structures where the number
of features (wavelengths) exceeds the number of samples (observations) [HGM20]. This
high dimensionality, compounded by the nonlinear relationship between spectral features
and sample properties, makes linear classification methods inadequate for capturing
complex nonlinear relationships in spectral data.

Moreover, spectral data are prone to noise and variability due to factors such as
instrumental limitations, sample impurities, and environmental conditions. Measurements
can fluctuate not only between different days but also within the same day, driven by
changes in operational and environmental conditions. Temperature fluctuations can
cause instrument readings to drift, particularly before the instrument reaches thermal
equilibrium. Similarly, high humidity can impact measurements by altering sample
properties and leading to moisture absorption within the instrument, and contributing to
data inconsistencies [BC07].

Noise and variability can obscure underlying patterns in the data, making it challenging
to distinguish between signal and noise. To improve the quality of noisy spectral data,
preprocessing methods for spectral data are applied, followed by dimension reduction
techniques to extract meaningful information from the data [MN89].

2.2.2. Preprocessing Methods

Preprocessing is a crucial step in chemometric data analysis as it enhances the quality and
interpretability of the spectral data by reducing variability and noise that can interfere
with modeling and analysis. It helps address issues such as scattering effects and baseline
variations, ensuring that the data is more consistent and comparable. Preprocessing
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2. State of Research

methods can operate at both the sample level and across entire datasets [BPS98]. In
this section, some popular methods including normalization, smoothing, and baseline
correction are explained.

Standard Normal Variate

Standard Normal Variate (SNV) normalizes spectral data to have a zero mean and unit
variance, helping to remove scaling effects [BYX+16].

The Standard Normal Variate (SNV) transformation of a spectrum X = [x1, x2, . . . , xn],
where n is the number of spectral points, is given by:

XSNV =
X − µX

σX

where: µX = 1
n

∑n
i=1 xi is the mean of the spectrum, and σX =

√
1

n−1

∑n
i=1(xi − µX)2

is the standard deviation of the spectrum [BC07].

Running Median Smoother

Smoothing helps to filter non-systematic noise from the measured spectral data. One
commonly used smoothing method is the Running Median Smoother (Median Window)
technique. This approach involves applying a median filter within a sliding window across
the spectral data. By replacing each data point with the median value of the points
within the window, this technique effectively reduces noise while preserving important
spectral features, making it a preferred choice in many spectral data analysis applications
[BPS98].

Savitzky–Golay Filter

The Savitzky-Golay filter is a smoothing filter designed to enhance data by reducing noise
while preserving important signal characteristics, such as peak height and width. This is
accomplished by fitting low-degree polynomials to moving windows of data using the least
squares method and bringing the filtered data to the center of the window [PS03, FMB18].

The core idea of the Savitzky-Golay filter is to fit a polynomial of a specified degree p to
a moving window of data points. The window size, defined as 2m+ 1, ensures symmetry
around a central point. By minimizing the error between the fitted polynomial and the
data points within the window, the filter achieves smoothing while preserving key features
of the signal. To mathematically implement the filter, a matrix S is constructed, where
each row represents the powers of the positions of the data points within the window.
For instance, if the window is centered at zero, the rows of S would include terms like
(−m)0, (−m)1, ..., (−m)p for the leftmost point, and similar terms for subsequent points.
Using the least-squares solution, the convolution coefficients are computed as:

G = S(STS)−1ST

8



2.2. Data Analysis Methods for Spectral Data

where G is the matrix of coefficients used for generating smoothed values. These coefficients
are then applied to the input data through convolution, allowing the Savitzky-Golay filter
to produce a smoothed value for each data point [ZTZL14].

A major advantage of the Savitzky-Golay filter is that it smooths data while preserving
important features like peak positions and widths, which simpler methods such as Running
Median Smoother might distort. Additionally, because it fits polynomials to the data, it
can also estimate derivatives, making it useful for detecting subtle trends in noisy signals
[ZTZL14].

Detrend

Detrending is a baseline correction technique that addresses the increasing baseline trend
typically observed in near-infrared (NIR) diffuse reflectance spectra. This method involves
fitting a second-degree polynomial to model the baseline curvature, effectively minimizing
baseline variations across spectra. By subtracting this polynomial from each spectrum,
detrending eliminates baseline shifts and curvatures, thereby standardizing the baseline
across samples. This correction enhances the clarity of spectral features and mitigates
multicollinearity issues, making it easier to analyze the chemical information within the
spectra [BDL89].

Let a spectrum X = [x1, x2, ..., xn] be a set of spectral data points measured at
different wavelengths or indices. A second-degree polynomial can be written as f(x) =
a0 + a1x+ a2x

2 where x represents the wavelength or index position within the spectrum,
and a0, a1, and a2 are coefficients determined by fitting the polynomial to the spectral
data. We can remove the baseline trend by subtracting f(x) from the original spectral
data points. The detrended spectrum then becomes

Xdetrend = X − f(x)

[BDL89].

Asymmetric Least Squares

The Asymmetric Least Squares (ALS) technique for baseline correction operates by fitting
a smooth curve to the lower parts of the spectrum, treating it as an estimate of the
baseline. The key to ALS is asymmetric weighting, which favors data points lying near or
below the baseline. This is done by assigning points with high positive residuals (above
the baseline) low weights in so they exert less influence on the fitting and assigning points
below the baseline higher weights, leading the baseline curve to be smooth and robust to
outliers [Gal20].

FillPeaks

4S Peak Filling is a baseline correction method that includes 4 steps, namely "Smoothing",
"Subsampling","Suppression", and "Stretching" to remove background noise. In the first
step, Smoothing, Whittaker smoothing is utilized to reduce the noise peaks. Next, in the
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2. State of Research

Subsampling step, the spectral data is divided into smaller bins, and a selected number
of bins are sampled, with the minimum value from each sampled bin retained. This step
improves computational efficiency and simplifies the spectral data. In the Suppression step,
a moving window slides across the spectrum, replacing each point with the minimum of
its current value and the mean value within the window. This process is repeated in both
directions (left-to-right and right-to-left), with the window size shrinking logarithmically
over iterations to enhance the baseline estimation. Finally, in the Stretching step, the
estimated baseline is interpolated back to the original spectrum length [Lil15].

Multiplicative Scatter Correction

Multiplicative Scatter Correction (MSC) is a normalization technique used in spectroscopic
data analysis to correct scaling and offset variations often caused by scattering effects
and other physical phenomena. MSC works by adjusting each spectrum in a dataset to
align closely with a reference spectrum, usually the mean of the dataset.

The transformation in MSC is based on a linear model:

x = a+ bx̂+ e

where x is the observed spectrum of a sample, x̂ is the reference spectrum (often the
mean spectrum of the dataset), a is the offset term, b is the scaling factor, and e represents
the residual error.

To correct a spectrum, MSC calculates a and b using least squares regression. The
corrected spectrum, x∗, is obtained by:

x∗ =
(x− a)

b
= x̂+

e

b

[WSB08]

2.2.3. Dimension Reduction

Spectral data is considered high-dimensional as hundreds or thousands of wavelengths
are measured to capture the complete spectrum of an object or material. This high
dimensionality comes from the need to accurately capture the detailed spectral signatures
of materials, which are often complex to differentiate between subtle variations in chemical
composition [LMWX19]. The high dimensionality of spectral data poses several challenges,
including the curse of dimensionality, computational complexity, overfitting, and model
interpretability [HMOR05].

In the data analysis phase, it is aimed to classify the components of the textile material
based on the spectral data and to quantify these classes. Due to the high dimensionality,
various machine learning algorithms have been used with dimension reduction techniques
in many studies for the classification of spectral data.

A frequently employed dimension reduction and exploratory data analysis technique is
Principal Component Analysis (PCA). PCA performs an orthogonal linear transformation
on the original variables, converting them into a smaller number of uncorrelated principal
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components that preserve most of the variance in the data while minimizing information
loss. By focusing on the principal components, PCA can help in filtering out noise from
the data which improves the quality of the analyses [AAD+15, LDHD07]. PCA is a tool
for exploratory data analysis as it helps outlier and cluster identification and provides
insights into the structure of spectral data [MRS20]. While PCA can reveal clusters
or patterns within the data, it does not label these clusters, as it is an unsupervised
technique. For discrimination tasks where classifying observations into predefined groups
is required, supervised techniques are preferred because they utilize existing labels to
effectively learn and distinguish between classes [NTB+16].

2.3. Resampling Methods

In the context of NIR spectroscopy, variability is considered as part of both the meas-
urement process and the analysis process. Resampling methods provide a statistical
framework to evaluate the variability by generating alternative versions of the dataset
and assessing the consistency of the underlying statistics. Specifically, in IR spectroscopy,
where measurements can vary due to noise or material differences, resampling is useful for
checking how stable and consistent the data is. These techniques are particularly useful
when working with limited sample sizes [McI16]. In this thesis, resampling is applied to
determine the minimum number of spectral measurements required to ensure statistical
representativeness. We use methods like Jackknife and Bootstrap to measure variability
and estimate the minimum sample size needed for reliable analysis.

2.3.1. Jackknife Resampling

Jackknife resampling was developed as a method to estimate the bias and variance of
a statistical estimator, primarily for cases where traditional analytical methods were
challenging or infeasible. In 1949, Maurice Quenouille introduced the method to reduce
the bias in an estimator by systematically removing individual observations from a dataset,
computing the statistic of interest for each subset, and then averaging the results. This
process helped address the bias by showing how each data point influenced the overall
estimate [Que49, FS06].

To mathematically illustrate the jackknife resampling method, according to McIntosh
[McI16], suppose we have a sample of n observations, denoted by X = x1, x2, ..., xn,
which are drawn independently and identically (iid) from a distribution. We aim to
estimate θ using an estimator θ̂. The first step is to compute θ̂, based on all n ob-
servations. This serves as the initial estimate of θ. For each i from 1 to n, remove
the i-th observation from the sample to create a "leave-one-out" sample, denoted by
X[i] = {x1, x2, . . . , xi−1, xi+1, . . . , xn}. Then compute the estimator for each subset, θ̂(i).
The estimate of the bias for θ̂(X) is given by

B̂iasjack = (n− 1)(θ̂(·) − θ̂).
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where the mean of the leave-one-out estimates is

θ̂(·) =
1

n

n∑

i=1

θ̂(i)

.
To obtain a bias-corrected estimate of θ, adjust the initial estimate θ̂(X) by subtracting

the estimated bias:

θ̂jack = θ̂ − B̂iasjack

Substitute the bias expression to get the jackknife bias-corrected estimate of the
parameter θ:

θ̂jack = nθ̂ − (n− 1)θ̂(·).

The jackknife variance estimate of θ̂ is defined as:

V̂arjack(θ̂) =
n− 1

n

n∑

i=1

(
θ̂(i) − θ̂(·)

)2
.

While the classical jackknife removes one observation at a time (d=1), the method can
be generalized to the delete-d jackknife, where subsets of size d are removed from the full
dataset [FS06].

Let sj ⊂ X be a subset of size d to be deleted from the sample. The estimator evaluated
on the remaining n− d observations is denoted θ̂(sj), and the mean over all such subsets
is:

θ̂(−d) =
1

N

N∑

j=1

θ̂(sj), where N =

(
n

d

)
.

The delete-d jackknife variance estimator is:

V̂arJd(θ̂) =
n− d

dN

N∑

j=1

(
θ̂(sj) − θ̂(−d)

)2
.

This approach approximates the sampling variability of θ̂ while it is particularly useful
for non-smooth estimators such as quantiles [FS06].

2.3.2. Bootstrap Resampling

In his 1979 paper, Efron introduced the bootstrap resampling method as a powerful,
data-driven technique for estimating the distribution of a statistic when the underlying
population distribution is unknown [Efr79]. The bootstrap method allows us to estimate
the variability and distribution of a sample statistic (like the mean, median, standard
deviation, or regression coefficients) without relying on strong assumptions about the
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population distribution. It’s particularly useful when the sample size is small or when the
underlying distribution is complex or unknown.

Generate B bootstrap samples X∗

1 , X
∗

2 , . . . , X
∗

B from X by sampling with replacement.
Each bootstrap sample is of size n. For each bootstrap sample X∗

b the sample mean
computed as

X̄∗

b =
1

n

n∑

i=1

X∗

i,b

where X∗

i,b denotes the i-th observation in the b-th bootstrap sample. The bootstrap
estimate of the mean µ̂bootstrap is simply the average of the means calculated from each
bootstrap sample

µ̂bootstrap =
1

B

B∑

b=1

X̄∗

b

To estimate the variance of the mean, calculate the variance of the bootstrap sample
means. This gives an estimate of the sampling variance of the mean:

σ̂2
bootstrap =

1

B − 1

B∑

b=1

(
X̄∗

b − µ̂bootstrap

)2

These formulas were formally introduced by Efron as part of the bootstrap framework
[Efr79]. For consistency with Jackknife resampling notation, the mean from each resample
X̄∗

b may also be denoted θ̂∗b ; the bootstrap mean estimate µ̂bootstrap as θ̂bootstrap; and the
bootstrap variance estimate σ̂2

bootstrap as V̂arbootstrap(θ̂).
The bootstrap method can be used to evaluate the required sample size for a specified

confidence level and margin of error. A sample was drawn from a target distribution and
repeatedly resampled to calculate confidence intervals for each mean, allowing the margin
of error to be assessed. This process was repeated multiple times to examine how the
margin varied with different sample sizes. The results indicated that a smaller sample size
could achieve the desired confidence, demonstrating the bootstrap’s utility in optimizing
sample sizes without relying heavily on distributional assumptions [Qum13].

A comparison of the advantages and disadvantages of the Jackknife and Bootstrap
resampling methods is summarized in Table 2.2.

2.4. Machine Learning Models

Chemometrics combines statistics and mathematics to extract valuable insights from
data generated by chemical experiments, including spectroscopy. Preprocessing methods,
multivariate data analysis such as Principal Component Analysis (PCA) (discussed in
Dimension Reduction section 2.2.3) and Partial Least Squares (PLS), classification, and
prediction tasks are in focus of chemometrics [Wol95]. Machine Learning was introduced
to the chemistry literature in the late 80s. Since then, the combination of chemometrics
and Machine Learning (ML) in Spectroscopy has become essential for modern chemical
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Table 2.2.: Comparison table of Jackknife and Bootstrap resampling methods

Advantages Disadvantages

Jackknife • Results are stable and robust
since they depend on systematic
resampling.

• Computationally expensive for
large datasets (slower runtime).

Bootstrap • Faster and simpler implement-
ation with lower computational
cost.

• Results have slightly higher vari-
ance due to random sampling.

analysis by increasing efficiency, precision and accuracy. ML excels in handling large
and complex (non-linear) datasets, enables real-time monitoring and achieves predictive
analytics [Jos23].

In this section, regression methods used for learning and predicting IR spectral data,
which have been utilized previously in the literature, are discussed.

2.4.1. Linear Regression Techniques

There are several techniques used to perform linear regression in textile quantification.
Principal component regression (PCR) essentially uses Principal Component Analysis.

Once the principal components of predictors in a dataset are defined, then PCR involves
the linear regression of the variable to be predicted on these principal components [MN89].

Partial Least Squares Regression (PLSR) is one of the most widely used multivariate
analysis techniques in chemistry which was designed to handle datasets characterized
by variables that are highly correlated or multidimensional. With modern measuring
instruments like spectrometers, the variables are often numerous and strongly correlated
[WSE01]. PLSR addresses this challenge by integrating aspects of Principal Component
Analysis and multiple linear regression, reducing complex data into a smaller set of latent
variables [CTL20]. PLSR can be extended and enhanced by integrating it with various
advanced methods. By combining PLSR with genetic algorithms (GA), Ruckebusch et
al. [ROD+06] performed a quantitative analysis of cotton-polyester textiles with NIR
spectroscopy.

2.4.2. Nonlinear Regression Techniques

Li et al. [LMWX19] explored a method for identifying components in woven fabrics using
hyperspectral imaging and the K-nearest neighbors (KNN) classification algorithm. This
technique classifies a sample by comparing it to its nearest neighbors within a feature
space, assigning it to the most common category among those neighbors. The KNN
algorithm’s reliance on the proximity of samples for classification assumes that similar
samples are likely to be in the same category, utilizing distance as a measure of similarity.
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Support Vector Machine (SVM) is an effective machine learning algorithm used for
both classification and regression. Its primary objective is to find the hyperplane in
an N-dimensional space creates the widest margin between the classes. In regression
tasks, Support Vector Regressor finds a hyperplane that best fits the data while keeping
as many points as possible within a specified tolerance ϵ. Thanks to the kernel trick,
SVM handles complex datasets that cannot be linearly separable by mapping the input
features into high-dimensional feature spaces where a linear separator can be found
[CLYL04, LDHD07]. Kernel trick makes it possible to compute the inner products in a
high-dimensional space implicitly, allowing the model to capture nonlinear relationships
without explicitly transforming the input data [HSS08]

Least Squares Support Vector Machine (LSSVM) is a modified version of SVM that
is popular in classification and regression tasks using spectral data. It replaces the
inequality constraints in standard SVMs with equality constraints, leading to a simpler
optimization problem [LADK+15]. This reformulation of the optimization problem as a
set of linear equations rather than SVM’s quadratic problem, improves computational
efficiency [WH05]. Similar to SVM, LSSVM can handle nonlinear datasets using the kernel
trick. For quantification of textile content, Liu et al. utilized LSSVM and Partial Least
Squares (PLS) regression. They indicate that the LS-SVM model provides high accuracy
in determining the cotton-polyester blend composition. Importantly, they demonstrate
the advantage of applying advanced machine learning techniques, such as LSSVM, in
spectroscopic analysis, as they exceed the performance of basic PLS models [LZL+18].

Kernel Ridge Regression (KRR) is closely related to LSSVM, in terms of relying on
the kernel trick and regularization parameter. KRR keeps the structure of the Ridge
Regression model and combines it with kernel methods [ALV07]. It can be used effectively
in the analysis of spectral data because it works well with nonlinear data. Regularization
term in the loss function (l2 norm by default) helps to prevent overfitting [All23].

Random Forest belongs to the ensemble learning family. It creates many decision trees
to be trained on a random subset of the features and data. This randomness ensures
diversity among the trees. Final prediction is made by taking the majority vote of decision
trees [Zhu20]. Random Forest is used for both classification and regression tasks, and it
is known for its simplicity and ability to run efficiently on large data sets. One of the
most advantageous features of Random Forest is its ability to handle missing values in
the dataset. Random Forest uses bootstrapping, a resampling technique where multiple
subsets of the original dataset are created with replacement, to train each tree. This
approach reduces overfitting and improves model robustness [DSDSP18].

Another tree-based machine learning algorithm is Gradient Boosting. It creates shallow
trees (weak learners) sequentially, whereby it tries to improve the error with each iteration.
The method follows the principle of gradient descent, meaning that at each iteration it
steps towards the negative gradient of the loss function, hence iteratively boosting the
model to reduce prediction error [Fri01]. As Gradient Boosting is a sequential algorithm,
it’s hard to parallelize and therefore usually slower than Random Forest. A common
implementation of Gradient Boosting is the XGBoost library (eXtreme Gradient Boosting)
[XGB24].
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2.4.3. Deep Learning Techniques

Deep learning (DL) is increasingly being used for spectral data modeling in NIR spec-
troscopy. DL offers significant advantages in chemometrics, particularly in handling
non-linear relationships and multi-dimensional data. Unlike conventional chemometric
techniques that require extensive manual feature engineering and preprocessing, DL
models can automatically extract relevant features from raw spectral data. Recently, it
outperformed traditional methods like Partial Least Squares (PLS) [MPM+22]. However,
DL in chemometrics is not as widely developed as in other fields in machine learning due
to several factors. First, spectral datasets are typically much smaller than the massive
labeled datasets available in CV and NLP. As a result, DL’s ability to generalize effect-
ively is limited. Second, chemometric models require explainability, but DL models are
often seen as "black boxes" with limited interpretability compared to traditional linear
models. For example, PLS provides clear information on spectral properties through
scores and loadings. Third, chemometric data is usually not open source and generating
large datasets is highly labor-intensive. Lastly, chemometrics research groups, relied on
MATLAB and R-based statistical modeling, while DL frameworks like TensorFlow and
PyTorch require programming proficiency in Python [MPM+22].

According to Poth et al., Neural Networks (NNs) have been evaluated for predicting
material composition from spectral data in bioprocessing applications. Their study
compared different machine learning algorithms for material composition quantification,
showing that NNs performed well in both accuracy and robustness. Although NNs
performed better than PLSR, the training procedure is much easier for PLSR than NN
because almost no hyperparameter tuning is required. In addition, linear algorithms like
PLSR are much faster than NN in training large datasets [PMF+22]. The operations
become very slow for a high-dimensional dataset.

Application of a DL model can be challenging due to the high-dimensional nature of
the spectral data and the difficulty in acquiring enough number of samples. Usually,
NNs require a large training dataset [CTL20, MPM+22]. Despite that, in chemometrics,
shallow DL models with a depth of 20 layers can technically be effective for datasets
containing less than 1000 samples. However, NIR data is much more limited. Surprisingly,
shallower models with 1-3 convolutional layers have shown potential even on sample
sets smaller than 100. With careful parameter selection, DL models can be trained on
small NIR datasets. In addition, use of data augmentation techniques has an impact on
improving the performance [MPM+22].

While DL models can be adapted to small datasets, they still remain highly prone to
overfitting, especially when applied on high-dimensional data. Spectral data can easily
contain hundreds of features. Thus, there is a risk of overfitting which leads to poor
generalization on unseen data [DK99, V+03].
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The process begins with IR measurements, followed by transforming and transferring the
spectral data for further analysis. To optimize spectral data quality, various sampling
techniques and instrument parameters were studied, with measurements conducted using
FTIR-ATR for mid-infrared (MIR) and diffuse reflectance for near-infrared (NIR) analyses.
Subsequent steps include applying wavenumber restrictions and removing waterbands to
refine the spectral data. Outliers are identified and excluded to enhance data quality, and
baseline correction is performed to normalize the spectra.

A comprehensive spectroscopic analysis methodology was employed to build a database
of spectral measurements for a range of cotton/polyester blended textiles. Appropriate
statistical and machine learning techniques were then selected to analyze this data. These
included models such as K-Nearest Neighbors Regression (KNN), Partial Least Squares
(PLS), Least Squares Support Vector Machines (LSSVM), Random Forest Regression,
Kernel Ridge Regression, eXtreme Gradient Boosting (XGBoost) and Convolutional
Neural Networks (CNN), which were used to characterize textile blends. The effectiveness
of these models in textile identification and degradation monitoring was evaluated using
cross-validation and independent test sets, with metrics such as Root Mean Squared Error
(RMSE) for regression tasks and coefficient of determination (R2) to ensure the most
possible accurate and robust analysis.

Additionally, a reproducibility analysis was conducted to ensure data reliability. If the
sample size was deemed insufficient, additional data acquisition was undertaken. Once
a sufficiently large dataset was obtained, regression models were developed to analyze
the relationship between the spectral data and the cotton content of the samples. This
systematic approach ensures accurate, reproducible results and robust model performance.

3.1. Dataset Creation

3.1.1. Measurements

In a real-world scenario, the cloth batches to be recycled have varying cotton ratios.
Therefore, it was essential to prepare samples representing different cotton contents. This
diversity in cotton ratios was important for two reasons: first, to accurately represent
the composition of the recycled cloth batches, and second, to ensure that the machine
learning algorithms were trained with a comprehensive range of data points reflecting
different cotton content levels. Ten types of samples were prepared, with cotton ratios
ranging from 50% to 27.01%. Each sample consisted of five square-shaped, white fabric
specimens that underwent an enzymatic cellulose degradation process.
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The measurement parameters for the thesis were as follows: For MIR, 16 scans were
conducted at an optical resolution of 4 cm−1 using ATR-MIR mode, with the specimens
cleaned using ethanol and dried in air. Spectra were recorded between 4000 cm−1 and
600 cm−1. For NIR, 16 scans were also performed at 4 cm−1 optical resolution using
FT-IR mode. The spectra range was 12500-3600 cm−1. Figure 3.1 illustrates the setup of
an experiment performed with MIR spectroscopy.

Figure 3.1.: The setup of an MIR spectroscopy measurement

During the measurement of the textile specimens, outlier data removal was performed
on the fly due to the relatively small size of the dataset. For larger datasets, however,
employing statistical methods such as Mahalanobis distance for outlier detection is a
recommended approach [SQX+22, DMJRM00]. In our case, such an outlier detection
mechanism was not necessary.

3.1.2. Data Overview

Each square textile piece represents a specimen. On each specimen, multiple random
spots are selected for measurement, and each measurement generates a spectral profile. A
sample consists of a group of specimens that share the same cotton ratio. In this study,
11 different samples were analyzed using NIR spectroscopy, while 9 different samples were
measured using MIR spectroscopy.

We performed more measurements with NIR spectroscopy than with MIR spectroscopy,
as NIR is faster and more convenient for spectral data acquisition. Each sample includes
at least 3 specimens, and on each specimen, at least 10 random spots were measured. In
total, 930 spots were measured using NIR and 485 spots were measured using MIR.

Figure 3.2 presents a summary of the NIR and MIR datasets using stacked bar charts.
Each bar represents a cotton percentage, with stacked segments indicating the number of
specimens, as shown in the shared legend at the bottom. Notably, the 50% cotton sample
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dominates both the NIR and MIR datasets, reflecting its higher number of specimens
and measurements compared to other cotton ratios.

Figure 3.2.: Spot counts by specimen across different cotton percentages in the NIR and
MIR spectral data.

3.1.3. Data Cleaning

Wavenumber Restriction

Specific regions in the NIR spectra are useful for detecting and distinguishing between
cotton and polyester. Cotton fibers have distinct absorbance bands that reflect their
chemical composition, primarily cellulose. In the MIR region, a broad peak at 3330
cm−1 corresponds to hydroxyl (O–H) groups, highlighting cotton’s hydrophilic nature
and its ability to absorb moisture. Another key band at 2896 cm−1 is associated with
the stretching vibrations of C–H bonds found in cellulose. Additional bands, such as
the one at 1428 cm−1, are linked to CH2 bending vibration in cellulose, while those at
1360 cm−1 and 1315 cm−1 arise from C–H and C–O bending vibrations in cellulose’s
structure [PRA+16]. NIR absorbance bands for cotton cellulose stem from the overtones
and combination bands of O–H and C–H stretching vibrations. The C–H bond overtones
appear in the regions 8696–7692 cm−1 (2nd overtone) and 5970–5376 cm−1 (1st overtone).
A strong band is observed between 7140–5970 cm−1 which corresponds to the 1st overtone
of O–H stretching. Additional O–H stretching vibrations contribute to strong spectral
peaks around 5167 and 4750 cm−1 [LDTM16]. These spectral features provide a clear
fingerprint for cotton, aiding its identification and analysis in spectroscopic studies.

The most significant vibrational modes of polyester can also be observed in both the
MIR and NIR regions. In the MIR region, the C=O stretching mode appears prominently
around 1700 cm−1, while the C–O stretching mode from the ester bond is found between
1300 and 1000 cm−1. Two peaks can be observed in this region, one near 1250 cm−1,
attributed to the ester bond, and another at 1100 cm−1, corresponding to the C–O
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stretching in esters. In the NIR region, the first overtone of C–H in the aromatic group
(Ar–CH) is detected around 6000 cm−1, and the second overtone of the C=O stretch
is also notable. These features are crucial for identifying and characterizing polyester
materials in spectroscopic analysis [Smi22, ZYDW19].

Certain regions of the spectrum have high noise levels or poor signal-to-noise ratios,
particularly at the extreme sides of the wavenumber range. NIR data has been restricted
between 8000–3850 cm−1 while MIR has been restricted between 3600–600 cm−1. Spectral
regions outside these ranges were excluded due to strong noise.

Excluding the Waterband

Water exhibits distinct absorbance bands in the infrared spectra, which are distributed
across the MIR and NIR regions. Unlike polyester, cotton is a hydrophilic fiber therefore,
moisture content directly influences the spectral characteristics of cotton. Increased water
content resulting in more pronounced peaks, in the NIR region, near 6850 - 7000 cm−1

(first overtone of the O–H stretching band) and 6250 cm−1 (hydroxide overtone) [SH18].
Additionally, the combination of O–H stretching and O–H bending bands occurs around
5200 cm−1. Furthermore, a combination involving the O–H bending band and the first
overtone of the O–H stretching band is noted near 8500 cm−1 [LKCT94].

In the MIR region, the O–H stretching band appears prominently around 3300 cm−1,
while the O–H bending band is located near 1640 cm−1. These absorbance bands are
crucial for analyzing water’s hydrogen-bonding structure and its temperature-dependent
behavior [LKCT94, MT19].

Peaks due to the water content of the textile make it more difficult to detect the peaks
that are characteristic of cotton. To improve our data quality, we exclude the respective
water bands from the spectra.

3.2. Reproducibility Experiments

We used Jackknife and Bootstrap resampling methods to examine how the relative
standard deviation (RSD) of the absorbance values changes in the top absorbance peaks
of the spectra. The wavenumbers from the top 10 absorbance peaks were selected
because they provide valuable information about the cotton and polyester content. Before
starting the reproducibility analysis, the data creation process was completed and no data
preprocessing was applied since preprocessing methods tend to reduce spectral variance.
Then, a data subset was generated from four sample groups, each containing data from 5
specimens. For every specimen, 30 measurement spots were recorded.

For each sample, peak absorbance points were determined and resampling was performed
at the spot level for each peak wavenumber. The statistical results were calculated for
each wavenumber/specimen pair. These results were then averaged on a wavenumber
basis. Jackknife and Bootstrap methods generated resampling sizes ranged from 3 to 30
for each specimen. Resampling in different group sizes made it possible to observe the
effect of sample size on RSD. Diagram 3.3 shows the steps followed in the reproducibility
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analysis.

Figure 3.3.: The workflow followed in reproducibility experiments

3.2.1. Variance Estimation with Jackknife Resampling

In this thesis, we were inspired by the principles of delete-d Jackknife resampling to assess
dataset variability in NIR spectral peaks. The theoretical background of the Jackknife
resampling is described in section 2.3.1. Our approach systematically removes subsets
of data to analyze how the removal affects a specific statistic, the Relative Standard
Deviation (RSD). By iteratively excluding subsets, the Jackknife approach provides
insights into the robustness and sensitivity of the dataset to missing data.

In this resampling, the input is a set of absorbance values, each corresponding to
specific peaks or bands in a spectrum. The function works by generating subsets of the
data, where subsets of size L are excluded during each iteration. For every subset, the
remaining data is used to compute the RSD, a statistic that quantifies variability as a
percentage of the mean. The function systematically evaluates all possible subsets of size
L, allowing for a thorough analysis of how the dataset behaves when certain values are
removed.

For each subset size L, the function aggregates the RSD values calculated from the
reduced datasets into a list. By taking the average of these RSD values across all subsets
of size L, it generates a single measure of variability for that subset size. The results are
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stored in a dictionary, where each key represents a specific subset size, and the value is the
average variability observed for that size. The pseudocode of our approach is presented
in algorithm 1.

Algorithm 1: Jackknife Variance Estimation
Data: peak_absorbance_values (mxn matrix where n is spots and m is

wavenumbers)
Input: L: maximum group size to leave out
2 ≤ L ≤ |peak_absorbance_values| // Ensure L is not greater than the

number of spots measured and not smaller than 2

for i← 2 to |peak_absorbance_values| − L do
index_combinations = combination(peak_absorbance_values, L)

// Generate all the combinations of indices of given L
for indices_to_leave_out ∈ index_combinations do

Xreduced ← peak_absorbance_values− indices_to_leave_out;
subsample_variance← variance(Xreduced) // Store the variances

end

end

3.2.2. Variance Estimation with Bootstrap Resampling

The Bootstrap resampling method was implemented in a similar way to Jackknife res-
ampling. It assesses variability with RSD by generating synthetic datasets through
random sampling with replacement. The Bootstrap method is described in more detail
in section 2.3.2. In the context of the thesis, the Bootstrap method is used to analyze
the stability and distribution of absorbance values measured at specific peaks across
specimens and spots.

The process begins with the absorbance values measured at key wavenumbers corres-
ponding to the absorbance peaks for a given specimen. The Bootstrap method generates
multiple samples by randomly drawing values from the original dataset with replacement.
Each bootstrap sample has the same number of values as the original dataset; however,
due to the replacement, some values may appear multiple times, while others may be
excluded. This resampling approach simulates the variability inherent in the data and
helps estimate how much variation exists across repeated measurements.

Each resample size L ranges from 3 to 30 in this implementation. The function creates a
set number of bootstrap samples, then calculates RSD statistics for each sample, reflecting
the variability relative to the mean. The results for each resample size L are stored in a
dictionary, where the key represents the resample size, and the value is an array of RSD
calculated from the bootstrap samples. The pseudocode of our approach is presented in
algorithm 2.

The purpose of the Jackknife and Bootstrap approaches is to assess the sensitivity of
the dataset and the computed RSD to missing data. These methods provide insights into
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Algorithm 2: Bootstrap Variance Estimation
Data: peak_absorbance_values (matrix of absorbance values for peaks)
Input: L: maximum resample size
2 ≤ L ≤ |peak_absorbance_values|;
// Ensure L is not greater than the number of spots measured and not

smaller than 2

for i← 0 to L do
Xbootstrap ← bootstrap_resampling(absorb_val_by_peaks, L);
// Generate bootstrap resampling of given size of L
subsample_variance← variance(Xbootstrap) // Store the variances

end

the stability of the dataset, as a highly variable RSD across subsets may indicate that
the data is sensitive to small changes. Conversely, consistent RSD values suggest that
the dataset is robust. This allows for a detailed analysis of how variability changes with
different resample sizes, offering insights into the data’s underlying stability and behavior.

3.2.3. Margin of Error Approach with Bootstrap Resampling

To estimate the minimum sample size needed for reliable predictions, we apply a Bootstrap-
based margin of error approach, inspired by [Qum13]. We treat the mean of the full
dataset as the best available estimate of the population mean. The goal is to determine
the smallest sample size that yields a sample mean within an acceptable margin of error
relative to this reference.

For each sample size n (ranging from 3 to 30), we generate bootstrap resamples to
approximate the sampling distribution of the mean. By observing how the mean varies
across resamples, we assess the reliability of the estimate at different sample sizes. The
purpose of trying various sample sizes is to identify the point at which increasing the
sample size no longer significantly improves the accuracy of the mean estimate. For each
sample size n, the 2.5th and 97.5th percentiles of the bootstrap means give a confidence
interval around the mean estimate. The range between these percentiles represents the
variability or margin of error in the sample mean estimate due to sampling variability.
This interval shows how much the sample mean could deviate from the full dataset mean
due to sampling error. A smaller interval indicates that the sample size is sufficient to
provide a stable and accurate estimate of the mean. The chosen threshold (5% of the
full dataset’s mean) defines an acceptable level of accuracy for the sample mean estimate
relative to the full dataset mean. If the margin of error (the width of the confidence
interval) is within 5% of the full dataset’s mean, we consider the sample mean to be
statistically close enough to the true mean. This implies that the sample size is likely
large enough to be representative. The smallest sample size satisfying this condition is
then considered the minimum sufficient sample size (see Algorithm 3).

Since resampling is performed for each feature, applying the procedure across the entire
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spectral dataset would be computationally expensive. Instead, we selected only the top
10 peak wavenumbers from the NIR spectra. These peak points were chosen because
they represent regions with high absorbance intensity, which are often rich in chemical
information and particularly informative for cotton content prediction. For each of these
peak wavenumbers, we extracted the corresponding absorbance values across specimens
and applied the bootstrap resampling procedure individually. The process was repeated
100 times. By aggregating results across iterations, specimens and wavenumbers, we
obtained the estimates of the minimum sufficient sample size for each spectral feature.

Algorithm 3: Margin of Error Approach with Bootstrap Resampling
Data: peak_absorbance_values (matrix of absorbance values for peaks)
Input: L: maximum resample size
2 ≤ L ≤ |peak_absorbance_values|;
// Ensure L is not greater than number of spots measured and not

smaller than 2

for i← 0 to L do
Xbootstrap ← bootstrap_resampling(absorb_val_by_peaks, L);
// Generate bootstrap resampling of given size of L

subsample_mean← mean(Xbootstrap);
// Store the means

lower_percentile← percentile(subsample_mean, 2.5);
upper_percentile← percentile(subsample_mean, 97.5);
margin_of_error ← (upper_percentile− lower_percentile)/2;
if margin_of_error ≤ threshold then

return L
end

end

3.3. Regression Pipeline

To predict the cotton content from IR spectral data, a structured regression pipeline was
developed. This pipeline covers the entire process from data generation to producing
prediction outputs. It includes key steps such as selecting relevant data, applying prepro-
cessing techniques, reducing dimensionality, training regression models, and evaluating
their performance. The overall workflow of the pipeline is illustrated in Figure 3.4.

3.3.1. Selecting Subset

The initial dataset contained a high proportion of 50% cotton measurements, as seen
in Figure 3.2. Having a dataset dominated by 50% cotton measurements would lead to
overly optimistic results. Error metrics would be too good for the highly represented

24



3.3. Regression Pipeline

Figure 3.4.: Workflow followed in regression pipeline

ratios and worse for ratios which are underrepresented. To mitigate this data imbalance,
the 50% cotton measurements were restricted to five specimens in the dataset.

3.3.2. Spectra Pretreatment

Various normalization, smoothing or baseline correction methods, including SNV (Stand-
ard Normal Variate), Detrend, FillPeaks, ALS (Asymmetric Least Squares), MSC (Multi-
plicative Scatter Correction), and Savitzky-Golay smoothing have been applied on the
restricted spectral data. The theoretical background of these methods is described in
section 2.2.2.

To identify the most effective combination of preprocessing and machine learning
methods, each technique was first applied to the spectral data. The resulting preprocessed
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Figure 3.5.: Correlation heat map of the NIR spectra of 50% cotton blend, without
preprocessing. The wavenumber range spans from 7876 cm−1 to 3787 cm−1,
with every fifth wavenumber displayed to improve readability.

datasets were then used as input for various machine learning algorithms. As a benchmark,
unprocessed data was also used as input, allowing for comparison of model performance
against preprocessed data.

3.3.3. Dimension Reduction

In the figure 3.5, the correlation heatmap shows several high-correlation blocks, indic-
ating that many spectral features are strongly correlated. This is due to the nature of
spectral data, where neighboring wavelengths often capture similar information, leading
to multicollinearity.

In order to overcome the multicollinearity, Principal Component Analysis (PCA) has
been applied as a dimension reduction technique before training certain regression models.
With PCA, correlated features are transformed into principal components that are
orthogonal to each other, and thus uncorrelated. The principal components are selected
based on their ability to capture the maximum variance in the data. A small subset of
components is retained, ensuring that most of the relevant information is preserved while
discarding noise and irrelevant variations [KP23].

Both the training and testing datasets have undergone PCA transformation to remove
correlated features, which helps regression models to avoid overfitting. At the same time,
removing redundant information improves computational efficiency.
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3.3.4. The Train-Test Split Strategy

We have multiple spots per specimen. The spectra of spots of a single specimen are slightly
more correlated than the spectra of an entirely new specimen. Therefore, a randomized
train-test split would not accurately reflect real-world conditions, as some spots from a
specimen could be included in both training and testing. This can result in data leakage.
In practice, an entirely new specimen is measured before its ratio is predicted, meaning
that spots from the new specimen are not present in the training set. To better align
with this scenario, all spots from a specific specimen of each sample were selected for
testing. Hence, train and test splitting ensures all measurements from a specific specimen
are either in the test set or the training set.

Number of measurements
(data size)

Cotton content
mean

Unique cotton
values

Train 630 42.40 11
Test 200 41.47 11

Table 3.1.: Description of train and test datasets used in the regression models.

3.3.5. Cross-Validation Strategy

To mitigate data leakage during cross-validation, we took a similar approach as in the
train-test split strategy. Instead of a random selection, a specimen-oriented selection
was made when creating cross-validation groups. If the groups would have been split
randomly, the cross-validation and test results would have been inconsistent.

To ensure that groups do not overlap in cross-validation, a GroupKFold iterator with
4 folds was set. The approach involved generating unique group IDs by combining the
cotton ratio and specimen number. These IDs were then passed to the K-fold iterator.
This ensures that data from the same specimen does not appear in both the training and
validation datasets.

3.3.6. Selected Algorithms and Hyperparameter Space

In selecting appropriate machine learning algorithms for predicting cotton percentage
from spectral data, several factors were considered, including interpretability, ability to
handle high-dimensional data, robustness to noise, and predictive performance. Our
selected models were discussed in more detail in Chapter 2.4. In order to find the best
parameters for each model, we do a randomized search over a pre-defined hyperparameter
space. Therefore, the RandomizedSearchCV function from the scikit-learn library was
used. It performs a randomized search over a predefined parameter grid, evaluating
different hyperparameter combinations using cross-validation to find the best-performing
set.
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We chose Partial Least Squares Regression (PLS) as a linear model, because it is widely
used in chemometrics and spectral analysis due to its ability to handle high-dimensional
and highly collinear data. The hyperparameter space for it is defined in Table 3.2.

Furthermore, we analysed multiple non-linear regression models. Table 3.3 shows the
defined hyperparameter space for K-Nearest Neighbors (KNN). Least Squares Support
Vector Machines (LSSVM) is another powerful ML algorithm that can handle non-linear
regression. It effectively captures nonlinear relationships between spectral absorbance
and cotton percentage. The hyperparameter space for LVSSM is shown on Table 3.4.
Kernel Ridge Regression (KRR) is another non-linear model we analysed in the thesis. It
integrates ridge regression with kernel transformations. Its regularization term prevents
overfitting, which is crucial in processing high-dimensional spectral data. Table 3.5 shows
its hyperparameter space.

Among the tree-based regression models we selected eXtreme Gradient Boosting (XG-
Boost) and Random Forest. Table 3.6 and Table 3.7 show their respective hyperparameter
space.

Convolutional Neural Networks (CNN) were chosen as a deep learning model, which
are capable of extracting nonlinear features. The hyperparameter space for CNN is shown
in Table 3.8.

Table 3.2.: Hyperparameter values for tuning PLS Regressor.

Hyperparameter Values

number of components 5, 10, 15, 20

Table 3.3.: Hyperparameter values for tuning K-Nearest Neighbor Regressor.

Hyperparameter Values

number of neighbors 5, 10, 15, 20, 25, 30
weights uniform, distance
metric euclidean, manhattan, minkowski

Table 3.4.: Hyperparameter values for tuning Least Squares Support Vector Regressor.

Hyperparameter Values

kernel polynomial
sigma (regularization) log space [10−2, 102]
gamma (kernel scale) log space [10−2, 102]
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Table 3.5.: Hyperparameter values for tuning Kernel Ridge Regressor.

Hyperparameter Values

kernel polynomial, rbf
alpha log space [10−3, 102]
gamma (for rbf kernel) log space [10−2, 106]
degree (for polynomial kernel) 2, 3, 4

Table 3.6.: Hyperparameter values for tuning eXtreme Gradient Boosting Regressor.

Hyperparameter Values

number of estimators 100, 200, 300
max depth 3, 5, 7
learning rate 0.01, 0.1, 0.2
subsample 0.8, 0.9, 1.0

Table 3.7.: Hyperparameter values for tuning Random Forest Regressor.

Hyperparameter Values

number of estimators 10, 20, 50, 100, 200, 500
max depth 3, 5, 10, 20, 50, 100
min samples split 2, 5, 10
min samples leaf 1, 2, 4
max features sqrt, log2, None
bootstrap True, False

Table 3.8.: Hyperparameter values for tuning Convolutional Neural Network.

Hyperparameter Values

optimizer adam, rmsprop
regularizer log space [10−4, 10−2]
epoch 10, 20, 30, 50
batch size 4, 8, 16, 32

3.3.7. Regression Performance Metrics

RMSE (Root Mean Squared Error) and R2 were used for the comparison of the algorithms
since they are two of the most commonly used metrics for evaluating the performance of
regression models. They help quantify how well a model fits the data and how accurately
it makes predictions. RMSE measures the average distance between prediction and actual
values which are prediction errors, giving more weight to larger errors due to squaring
[CD14]. R2, the coefficient of determination, represents percentage of variance that the
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prediction model explains in the dependent variable [N+91]. It gives a normalized measure
of goodness-of-fit between 0 and 1. A higher R2 indicates that more variance is explained
in dependent variables.

3.4. Infrastructure and Software

To do spectral measurements, we used the following infrastructure for the thesis:

• FTIR Spectrophotometer - TENSOR 37, BRUKER OPTICS
Range from: 4000-400 cm-1, ATR (Attenuated Total Reflection), HTS-XT (High
Throughput Screening Extension), DTGS detector.

• FTNIR Spectrophotometer - MPA, BRUKER OPTICS
Range from 12500-4000 cm-1 measurement in transmission and in diffuse reflection.

The IT infrastructure for running the regression models is comprised of a Dell PowerEdge
server with 40 Intel Xeon Gold processor cores and 1 terabyte of RAM.

R (version 4.3.3) and Python (version 3.12.2) were the main languages used in the
project. The desktop application RStudio (version 2024.12.0 Build 467) was employed
for R programming. Packages such as plyr, dplyr, IDPmisc, prospectr, baseline, knitr,
gridExtra, ChemoSpec, matrixStats, and stringr were employed for comprehensive data
preprocessing and transformation tasks. Python was managed via PyCharm under the
Anaconda distribution (conda version 22.9.0). Libraries such as pandas, numpy, and
scipy were utilized for data resampling, while scikit-learn and xgboost supported the
development of predictive models. Data inspection and model evaluation processes were
conducted using Jupyter Notebook, which provides an efficient platform for analysis and
visualization.

In the context of this thesis, we created a spectral database and utility functions
to support the analysis of the spectral data. Scripts were created to run the selected
regression models and visualize the results. The database and the codebase containing
the utility functions and scripts can be found at the project’s Github repository [Yay25].
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This chapter presents the key findings of the study and is structured into three main
sections. In Section 4.1, we investigate the reproducibility of NIR spectral measurements
to determine the minimum sample size required for reliable data collection. Section
4.2 explores the impact of different spectral preprocessing techniques and depicts visual
comparisons to assess how these methods influence the data structure. In section 4.3, we
assess the predictive performance of different regression models for textile characteriza-
tion, identifying the most effective approaches for estimating cotton content in textile
blends. We analyze how different combinations of regression algorithms and preprocessing
methods affect prediction accuracy and highlight the most effective strategies for textile
quantification.

4.1. Reproducibility

To address the first question mentioned in Chapter 1, we needed to detect the number
of spots that should be measured per specimen to ensure the sample data accurately
represents the real data. First, we compared the Jackknife and Bootstrap resampling
methods and found that the Bootstrap resampling could produce similar results to the
Jackknife resampling with lower complexity. Therefore we use Bootstrap resampling,
when determining the minimum sample size with the margin of error approach.

4.1.1. Comparison of Jackknife and Bootstrap Resampling

The results (Figure 4.1) revealed no major differences in the relative standard deviations
produced by the Jackknife and Bootstrap methods. Both approaches provided similar
insights into the data’s variability, indicating that either method could be used for this
type of analysis. However, the Bootstrap algorithm implemented in this study proved to
be computationally faster compared to the Jackknife method, making it a more practical
choice for large-scale or repetitive analyses.

Our Jackknife and Bootstrap resampling functions differed significantly in computational
complexity and scalability. The Jackknife resampling function has a complexity of O(2N )
in the worst case due to its reliance on generating all possible combinations of indices for
leaving out subsets of data. This combinatorial growth makes it computationally expensive
and unsuitable for large datasets. In contrast, the Bootstrap function operates with a
complexity of O(n), where n is the fixed number of resampling iterations. This linear
growth ensures that Bootstrap is more scalable and efficient for larger datasets. While the
Jackknife resampling method provides exact variance estimates by systematically omitting
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Figure 4.1.: The change of Relative Standard Deviation as resample size decreases for
Bootstrap and Jackknife resampling. Each line in both plots represents one
of the top 10 wavenumbers with the highest absorbance. The colors refer
to the wavenumbers where top ten peak absorbances occur and the spectra
keys denote the wavenumbers (in cm−1) at those peaks. There is an obvious
similarity in trends across the Jackknife and Bootstrap methods.

subsets of data, its cost grows exponentially. Conversely, the Bootstrap resampling
approximates variance using random sampling, trading a slight loss in precision for
significant gains in performance and scalability.

Due to the high computational cost of Jackknife resampling, it was not feasible to
calculate the relative standard deviation (RSD) for every sample size between 30 and
3. As a result, Jackknife resampling was limited to a maximum of 20 spots. Figure 4.1
illustrates how RSD changes as the sample size decreases. For the comparison between
these two methods, in Jackknife, resampling was performed by gradually leaving out one
spot from a resample size of 20 to a resample size of 3, and in Bootstrap, resampling was
drawn with replacement, from a resample size of 3 to a resample size of 20. Each line
in the plots represents one of the top 10 wavenumbers with the peak absorbance. Both
graphs show that as sample size decreases, RSD also decreases. This can occur when
analyzing correlated data where many points carry similar information, and removing
more points tends to leave a more homogeneous dataset. The trends are very similar
across Jackknife and Bootstrap, suggesting that both methods produce stable estimates
of variability. Additionally, the relatively smooth curves reflect the robustness of RSD
across the top wavenumbers.

4.1.2. The Results of Margin of Error Approach with Bootstrap Resampling

To estimate the minimum number of measurement spots needed to obtain statistically
reliable spectral data, we applied a Bootstrap resampling approach with a margin of error
criterion. This procedure was repeated 1000 times for each of 15 peak wavenumbers, and
the results were averaged to obtain the final minimum sample size required. The dataset
used in this analysis consisted of 30 spectra per specimen, 5 specimens per sample, and 3
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different sample groups in total.

This method identifies the smallest sample size at which the mean of the resampled
absorption values falls within an acceptable margin of error compared to the true mean.
By applying this process to the top absorbance peak wavenumbers, we assessed how
sample size requirements vary with spectral intensity and sample characteristics.

Figure 4.2 illustrates the relationship between wavenumbers and the average minimum
number of spots required across three different cotton content levels: 39.47%, 41.85%,
and 50.0%. The results show that the samples with 50% cotton consistently require a
higher number of measurement spots, indicating greater variability in their spectra. In
contrast, the 39.47% cotton samples exhibit the lowest variability, requiring fewer spots
to achieve reliable estimates.

Based on these findings, we decided to measure at least 10 spots per specimen. This
number was found to be sufficient across all cotton levels to capture meaningful spectral
variation while minimizing measurement error. This conclusion balances statistical
accuracy with practical considerations, as measuring fewer spots reduces the overall
experimental effort while maintaining sufficient representativeness.

(a) Selected peak points (b) Margin of error of the absorbance mean

Figure 4.2.: For cotton blend samples containing 39.47% (orange), 41.85% (green), and
50.0% (purple) cotton, the 15 spectral peak points with the highest absorb-
ance values were selected (a). For each peak, the Bootstrap resampling was
conducted for the sample sizes from 3 to 30. The relative standard deviation
(RSD) of the mean absorbance was computed at each step. Each line rep-
resents a peak, color-coded by cotton percentage. The graph demonstrates
that already from sample size 3, mean absorbance values of most of the peak
points have reached below accepted margin level (5% of the full dataset mean
of absorbance) (b).
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4.2. Preprocessing

Preprocessing of spectral data proved to be important in improving model performance by
reducing noise, correcting baseline shift, and improving class separation in dimensionality
reduction. Comparison of different techniques revealed that no approach performed
universally better than the others; instead, effectiveness varied depending on the regression
model applied. The figures 4.3 and 4.4 demonstrate how the spectra are processed by
different baseline correction and normalization techniques. The raw spectra exhibit
baseline shifts and noise, which are progressively reduced through preprocessing.

SNV and MSC were particularly effective in normalizing the spectra, improving consist-
ency across samples by eliminating scattering effects. This similarity in performance stems
from the fact that both methods rely on a form of standardization. MSC aligns spectra to
a mean reference, while SNV standardizes each spectrum individually. However, despite
their effectiveness in scatter correction, they provided limited benefits in addressing
baseline trends, as observed in regression results.

On the other hand, Detrend and ALS and Fillpeaks demonstrated strong capabilities
in correcting baseline curvature, resulting in a flatter baseline and improved signal clarity,
particularly in low wavenumber regions. Detrend, which used a second-order polynomial,
efficiently removed the baseline trend, preventing unnecessary amplification of certain
peaks caused by the underlying trend. Hence, the corrected spectra have a flat baseline.

The FillPeaks method was performed with a smoothing parameter set to 1, allowing
the method to capture small details without distorting the peak shapes. The half-width of
interpolation (10) set the size of the window around each peak used for filling gaps. Only
peaks with an intensity above 200 were processed, ignoring smaller peaks or noise. The
FillPeaks technique adjusted and interpolated missing peaks without amplifying them,
especially for wavenumbers higher than 6000 cm−1, as seen with Detrend and ALS.

The ALS method was applied with an asymmetry parameter of 0.05, which determines
the weight given to positive deviations of the signal from the baseline, thereby emphasizing
downward corrections. This approach smoothed the curves, particularly reducing the
influence of peaks from the wavenumbers lower than 5000 cm−1, while effectively removing
broad background trends similar to Detrend.

Savitzky-Golay smoothing, reduced the random noise in the spectra while preserving
the peak shapes and their intensities. This method utilized a third-degree polynomial
least-squares fitting with zeroth-order differentiation to maintain the integrity of both
peak heights and widths. As discussed in the literature, Savitzky–Golay smoothing is
primarily used for removing noisy features and it does not inherently correct for baseline
shifts. To reduce noise, first or second derivatives are applied and then smoothing is done
[RBE09].

In summary, each method has a specific purpose, such as removing baseline shifts,
reducing noise, or normalizing the data. SNV and MSC are well-suited for scatter
correction, while Detrend and ALS outstand in baseline trend removal. On the other
hand, Detrend or ALS may suppress or amplify certain spectral features depending on
the spectral data and the hyperparameter choices. However, SNV and MSC may not
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handle baseline drifts as effectively as ALS or Detrend. FillPeaks preserves peak integrity
but might not be as effective in correcting baseline shifts. Similarly, while Savitzky-Golay
smoothing effectively reduces noise, it does not specifically correct for baseline drifts.

(a) No preprocessing (b) SNV

(c) Detrend (d) ALS

Figure 4.3.: Comparison of SNV, Detrend, and ALS techniques applied to NIR spectra
from a sample containing 34.01% cotton.
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(a) No preprocessing (b) Savitzky-Golay smoothing

(c) Fillpeaks (d) MSC

Figure 4.4.: Comparison of Savitzky-Golay, FillPeaks, and MSC techniques applied to
NIR spectra from a sample containing 34.01% cotton.

Figure 4.5 (a) shows Principal Component Analysis scores before the preprocessing.
The groups with different cotton ratios are not perfectly separable. After applying
Standard Normal Variate (SNV) and Detrend preprocessing techniques, as depicted in
Figure 4.5 (b), the PCA scores plot reveals a significant improvement in group separation.
In addition, the explained variance captured by the first principal component increases
after preprocessing. The combined explained variance from the first and second principal
components also improves. This indicates that the preprocessing effectively normalized
the data and removed trends that previously obscured group differences.

4.3. Prediction Model Performance

In this chapter, the regression metrics of the selected regression algorithms are evaluated
to address the second question in Chapter 1. The models are tested on NIR and MIR
datasets to determine on which one they perform better.
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(a) The Scores graph of the first and the second principal components when no preprocessing is
applied.

(b) The Scores graph of the first and the second principal components after the data was
preprocessed with Fillpeaks.

Figure 4.5.: Score plots of the first and second principal components: (a) without prepro-
cessing and (b) after Fillpeaks preprocessing.
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4.3.1. Comparison of Regression Models and Preprocessing Methods on
NIR Spectra

This section analyzes how different regression models perform with respect to prepro-
cessing methods. Spectral data was first processed with the preprocessing methods SNV
(Standard Normal Variate), Detrend, FillPeaks, ALS (Asymmetric Least Squares), MSC
(Multiplicative Scatter Correction), and Savitzky-Golay smoothing. In addition, combined
approaches, Detrend followed by SNV, and SNV followed by Savitzky–Golay smoothing,
were also implemented. Later, models were trained for each preprocessed dataset.

For Partial Least Squares Regression (PLSR), Random Forest regression and Convolu-
tional Neural Network (CNN), Principal Component Analysis (PCA) was not applied to
reduce dimensionality prior to model training since these models can inherently handle
high dimensionality. In contrast, for K-Nearest Neighbors (KNN) regression and Kernel
Ridge regression, PCA was applied to retain the first 15 principal components. This choice
was based on the explained variance curve (Figure 4.6), where 15 components accounted
for 99.99% of the total variance. Although the first 4-5 principal components account for
99% of the explained variance, this decision ensures compatibility with complex algorithms
and minimizes the risk of discarding potentially informative variance related to subtle
spectral features.

Figure 4.6.: Explained variance increases as PCA components increase. On the NIR
spectral dataset, wavenumber restriction was made but no preprocessing was
applied.

Regression models were optimized using RandomizedSearchCV with 4-fold cross-
validation, and their performance was assessed using Root Mean Square Error (RMSE)
and R2 metrics.

The heatmaps in 4.7 compare the performance of different regression models and
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(a) Test Set

(b) Train Set

Figure 4.7.: Heatmap of R2 values on test (a) and training (b) data. On the x axis, the
preprocessing methods and on the y axis, the regression models are presented.
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(a) Test Set

(b) Train Set

Figure 4.8.: Heatmap of RMSE values on test (a) and training (b) data. On the x axis, the
preprocessing methods and on the y axis, the regression models are presented.
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baseline correction methods in terms of R2 values. R2 values of both train and test
datasets are presented side-by-side to enable a clear assessment of model generalization
and potential overfitting. Each row of the heatmaps corresponds to a different machine
learning model, while each column represents one of the applied preprocessing methods.
From the preprocessing methods "none", "detrendsnv", "snvsavgol" refer to "no prepro-
cessing application", "Detrend followed by SNV" and "SNV followed by Savitzky-Golay
smoothing" respectively.

As seen on the heatmaps, the choice of preprocessing method significantly influences
model performance. This highlights the need to carefully select preprocessing techniques
that enhance relevant spectral features. In the following sections, we discuss which model
preprocessing combination works best and provide more details for the results of each
model.

K-Nearest Neighbors Regression (KNN)

The K-Nearest Neighbors (KNN) regression model was assessed using multiple spectral
preprocessing techniques. Among them, the FillPeaks method demonstrated the best
performance. This configuration yielded a high R2 0.99 on the training set and 0.96 on
the test set, having also the lowest R2 difference. The corresponding RMSE values were
0.60 for the training set and 1.17 for the test set. Dimension reduction was applied prior
to the training.

The optimal hyperparameter space identified via RandomizedSearchCV is presented in
Table 4.1

Table 4.1.: Optimal Hyperparameters for KNN

Parameter Value

distance Minkowski distance
number of neighbors 10
weighting uniform weighting

The relationship between the number of neighbors and model generalization was further
explored in Figure 4.9. Fillpeaks as pretreatment and, uniform weighting and euclidean
metric as model parameters were selected. The validation RMSE score was the lowest at
10 neighbors, suggesting this as the optimal choice. Beyond this point, performance on
unseen data gradually declined, confirming the trade-off between bias and variance in
KNN models.

With all pretreatment methods, KNN consistently achieved near-perfect R2 scores on
the training set. While they may appear to perform well in-sample, their generalization
ability is questionable.

Figure 4.10 compares predicted cotton ratios to the measured values. It can be observed
that the model tends to underpredict higher actual values and overpredict lower values,
especially below 40% cotton ratio.
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Figure 4.9.: Effect of number of neighbors on KNN Model Performance: RMSE reaches
the lowest point when the KNN model uses around 10 neighbors.

Kernel Ridge Regression

Kernel Ridge Regression (KRR) demonstrates strong performance with all preprocessing
methods. The training and test R2 values remain close to each other for most preprocessing
methods, indicating that Kernel Ridge benefits from regularization. With SNV, it
generates the lowest RMSE value while its performance deteriorates slightly with Fillpeaks,
indicating the sensitivity to preprocessing.

The optimal hyperparameters identified through RandomizedSearchCV were:

Table 4.2.: Optimal Hyperparameters for KRR

Parameter Value

kernel polynomial
degree 3
alpha 0.01

Alpha is the parameter to control the strength of the regularization term. A higher alpha
results in stronger regularization, leading to better generalization. However, underfitting
can occur when too high alpha is used. Conversely, using a smaller alpha may cause
overfitting, as the model becomes too flexible fitting to the training data points. The
optimal alpha value was found to be around 0.01, where the validation error reaches a
global minimum. Figure 4.11 illustrates that the errors on the validation and test datasets
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Figure 4.10.: Predicted vs. actual cotton content values for both the train (green circles)
and test (blue crosses) datasets using a KNN regression model coupled with
Fillpeaks preprocessing

decrease significantly as alpha increases from lower values to the optimal point. This
trend confirms the presence of overfitting in the lower alpha region.

Figure 4.12 demonstrates that the model starts to overfit as the polynomial degree
increases beyond 3. The minimum cross-validation RMSE at degree 3 suggests that it is
the optimal complexity for the model under this configuration. SNV as pretreatment and
alpha being 0.01 as model parameters are selected.

Figure 4.13 compares predicted cotton ratios to measured values. A good model fit is
observable since train and test predictions are not widely apart from each other and the
predictions are not constantly below or above the 1:1 line.

Least Squares Support Vector Regression

Due to the kernel trick, Least Squares Support Vector Regression (LSSVM) is cap-
able of operating effectively in high-dimensional feature spaces without requiring prior
dimensionality reduction, therefore we did not perform PCA before LSSVM training.

The optimal hyperparameters identified through RandomizedSearchCV were:
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Figure 4.11.: RMSE vs. alpha value for Kernel Ridge Regression: The optimal alpha level
seems to be at 0.01 where cross-validation error is minimized

Table 4.3.: Optimal Hyperparameters for LSSVM

Parameter Value

kernel polynomial
sigma 1
gamma 0.01

LSSVM demonstrated stable and reliable performance across various preprocessing
methods, with particularly favorable results observed when using Standard Normal Variate
(SNV) and Multiplicative Scatter Correction (MSC). The Root Mean Square Error (RMSE)
values for both the training and test sets were nearly identical, reflecting a strong degree
of generalizability. With SNV and MSC, LSSVM results in only 0.003 R2 score difference
between train (0.961) and test (0.958). This robustness is further supported by the R2

scores comparison across models shown in Figure 4.7, where LSSVM consistently ranks
among the top-performing regressors regardless of preprocessing technique. As shown in
Figure 4.14, the predicted versus actual cotton content values are closely aligned along
the 1:1 line, indicating high predictive accuracy and low systematic bias.

Partial Least Squares Regression

The Partial Least Squares Regression (PLSR) model demonstrates solid performance
across the provided metrics. The RMSE curve indicates that using 10 or 11 components is
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Figure 4.12.: RMSE vs. polynomial degree for Kernel Ridge Regression: Training error
decreases with model complexity, while cross-validation error is minimized
at degree 3, suggesting it provides the best generalization before overfitting
occurs.

optimal (see Figure 4.17), as the error stabilizes beyond this point, suggesting the model
generalizes well without overfitting.

In the test set, in general, PLSR achieves competitive RMSE values across different
preprocessing methods, while maintaining high R2 scores, reflecting its strong predictive
capability. On the train set, PLS recorded low RMSE values and near-perfect R2 scores.
Although the high training R2 hints at a potential risk of overfitting, the consistent test
performance confirms that the model generalizes effectively. Surprisingly, PLS worked
the best without application of any preprocessing (train R2=0.99, test R2=0.96, train
RMSE=0.74, test RMSE=1.22).

Large positive values in the PLS loadings correspond to spectral regions where polyester
exhibits strong absorbance, while large negative values indicate regions dominated by
cotton absorbance. Notably, prominent positive peaks appear around 6000 cm−1 and
between 5250-4100 cm−1, aligning with characteristic polyester bands. In contrast, a
broad negative valley is observed from approximately 7000 to 6200 cm−1, corresponding to
high cotton absorbance. Since PLS loadings reflect the contribution of each wavenumber
to the prediction of cotton content, regions with high absolute values are particularly
important. These patterns suggest that the PLSR model effectively captures the distinct
spectral features of both cotton and polyester. The first three latent variable loadings are
visualized in Figure 4.15.

Figure 4.16 compares predicted and measured values of both training and test datasets
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Figure 4.13.: Predicted vs. actual cotton content values for both the train (green circles)
and test (blue crosses) datasets using a Kernel Ridge regression model with
a polynomial kernel. The dataset was preprocessed with SNV.

using a PLSR model. Both training and test predictions closely align with the diagonal
line, also training and test predictions are not spread away from each other. This indicates
that the PLSR model captures the relationship between the spectral features and cotton
content well.

Overall, PLSR, with around 10 components, balances model complexity and predictive
accuracy. As shown in Figure 4.17, both test and cross-validation RMSE values plateau
beyond this point and they do not improve further. The slightly lower cross-validation
scores are likely because the CV folds are more variable and less balanced than the test
set, leading to slightly better performance on the test set.

In summary, PLSR offers more robust modeling approach than more complex models
such as XGBoost and Random Forest Regression and it works reasonably well with all
preprocessing methods.

Random Forest Regressor

The Random Forest Regressor (RFR) was applied without any prior dimensionality
reduction, as this ensemble-based algorithm is suitable for high-dimensional datasets.
Among the evaluated preprocessing techniques, RFR achieved its best performance when
paired with ALS baseline correction.

It achieves the highest R2 and lowest RMSE scores using these hyperparameters
identified through RandomizedSearchCV:
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Figure 4.14.: Predicted vs. actual cotton content values for both the train (green circles)
and test (blue crosses) datasets using the LSSVM regression model with
SNV preprocessing method

Table 4.4.: Optimal Hyperparameters for RFR

Parameter Value

number of estimators 100
min samples split 5
min samples leaf 4
max feature log2
max depth 20

The impact of the number of estimators on the R2 scores was analyzed to determine an
optimal configuration (see Figure 4.18). The training R2 scores remain consistently close
to 1, indicating that the model fits the training data nearly perfectly. In contrast, the
validation R2 scores fluctuate slightly around 0.91. The validation R2 scores improved
until 20 estimators. Beyond 20, R2 did not significantly improve. The slight fluctuations
in validation R2 values likely resulted from the randomness in the data split used for
cross-validation. The combination of a near-perfect training score and a lower validation
score suggests overfitting. Additionally, there is a noticeable gap between the training
and test set R2 scores overall.

Predicted and measured values generated from both training and testing datasets using
a Random Forest model on ALS-preprocessed spectra indicate that there was a tighter fit
in the training set compared to the test set (Figure 4.19). Predicted and measured values
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Figure 4.15.: Loadings plot of the first three components. Each curve shows how much
a particular wavenumber contributes to that latent variable’s direction in
feature space.

especially diverged at 34.01% cotton level. However, most points lie close to the 1:1 line.
There is no obvious systematic bias as predictions do not appear consistently above or
below the diagonal for any specific cotton content level.

eXtreme Gradient Boosting (XGBoost)

No prior dimensionality reduction via PCA was applied before training, as XGBoost can
handle high-dimensional and collinear feature spaces [XGB24]. Among the evaluated
models, XGBoost yielded the best prediction performance for cotton content when
trained on ALS-preprocessed spectra. The hyperparameter search identified the optimal
configuration summarized in Table 4.5.

Table 4.5.: Optimal Hyperparameters for XGBoost

Parameter Value

number of estimators 200
max depth 6
learning rate 0.1
subsample 0.8

XGBoost consistently achieved unrealistically perfect R2 scores on the training set,
but showed a notable drop on the test set. This strong train-test disparity suggests that
these models are likely overfitting and not capturing true underlying patterns. While it
may appear to perform well, its generalization ability is limited when exposed to unseen
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Figure 4.16.: Predicted vs. actual cotton content values for both the train (green circles)
and test (blue crosses) datasets using a PLSR model. The dataset was not
preprocessed. Both training and test predictions closely follow the diagonal
line, indicating that the PLSR model captures the relationship between the
spectral features and cotton content well.

samples.
In XGBoost, a weight is calculated based on how many times a feature is used to split

the decision trees by the model. The weights are indicative of the importance scores of
the features. These scores are provided by the function getScore of XGBoost [xgb25],
which is used to visualize the scores of the 20 most important wavenumbers in figure
4.20. In our model, high-importance wavenumbers likely correspond to strong absorbance
bands. The feature importance analysis identified spectral regions around 4682, 4794,
and 4678 cm−1 as the most informative for prediction. These regions are consistent with
C–H combination and overtone bands.

However, the model did not assign high importance to the 1st overtone of C–H associated
with polyester (right below 6000 cm−1), even though it is one of the most prominent
peaks in the ALS-preprocessed graph (Figure 4.3 (d)). Similarly, the first overtone of
O–H stretching between 7140–5970 cm−1, a key indicator of cotton, was absent from
the most important features. Due to these missing overtones, it is questionable that the
model fitted the training data well, and captured the key spectral features required for
robust generalization.

Figure 4.21 further illustrates XGBoost’s behavior by comparing predicted values to
measured ones. Training data predictions closely follow the 1:1 line, confirming the high
training accuracy. However, predictions for the test data (blue crosses) display increased
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Figure 4.17.: Root Mean Squared Error (RMSE) change depending on the number of
PLS components. The error decreases sharply up to around 10 components
and then stabilizes.

Figure 4.18.: The impact of the number of estimators on the R2 scores when using the
Random Forest model on data preprocessed with the ALS.
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Figure 4.19.: Predicted vs. actual cotton content values for both the train (green circles)
and test (blue crosses) datasets using a Random Forest model. The dataset
was preprocessed with the ALS method.

scatter, suggesting reduced predictive accuracy for unseen samples. The spread of test
data implies that the model may not fully generalize across the range of cotton contents,
reinforcing concerns about overfitting.

Convolutional Neural Network

We built a convolutional neural network (CNN) for one-dimensional input data, specifically
for modeling spectral data. Its architecture is combined with hyperparameter tuning via
RandomizedSearchCV.

Initially, a baseline CNN was implemented with a single convolutional layer (filter
size 64, kernel size 5), followed by max pooling, ReLU activation, and L2 regularization.
The output was flattened and passed through a fully connected layer (128 neurons) with
dropout of 30% to mitigate overfitting. The dense layer returned a continuous output
for regression. This model was optimized with Adam for 50 epochs and a batch size of
8. Shang et al. [SSW+23] employed a similar CNN configuration for their NIR spectra
classification task, using a filter size of 64 and a dense layer with 128 neurons. While
they applied a dropout rate of 50%, the rate of 30% yielded better performance in our
experiments.

To enhance model robustness, Signal-to-Noise Ratio (SNR) augmentation was applied.
This approach has been used in similar research contexts for spectral modeling [SSW+23,
XZJ23].
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Figure 4.20.: 20 most important features for the XGBoost model are presented. Features
express wave numbers, and importance scores represent the weights assigned
by the model based on how many times a feature is used to split decision
trees.

Further experiments were conducted to evaluate the effects of convolutional depth and
L2 regularization on predictive performance. Table 4.6 summarizes the results of nine
configurations (A1–A9), which varied in the number of convolutional layers (1–3), L2
penalty, and kept filter size (5) and dense layer size consistent for controlled comparison.

Notably, model A5 achieved the best results with two convolutional layers and an L2
penalty of 0.001 (R2 = 0.933), indicating that moderate depth and regularization helped
the model to capture complex spectral patterns. While the 2-layer model A5 achieved
the best performance, the 3-layer model A9 was nearly as effective (R2 = 0.912) but with
higher training time due to increased computational cost.

Figure 4.22 visualizes the R2 scores across L2 regularization values for different network
depths. The plots show that the 2-layer architecture performs the best for L2 penalty of
10−3. Across all depths, changes in regularization strength lead to noticeable fluctuations
in both training and validation R2 scores, indicating that the model is highly sensitive
to hyperparameter selection. These fluctuations are especially severe in the 3-layer
architecture. Thus, it cannot be concluded that there is an improvement in generalization
power as the number of layers increases. In addition, the cross-validation R2 is substantially
lower than the training score and shows variability across configurations. Given the limited
dataset size and the high complexity of CNNs, the model has high variance which means
the model swings from underfitting to overfitting.
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Figure 4.21.: Predicted vs. actual cotton content values for both the train (green circles)
and test (blue crosses) datasets using the XGBoost model with the ALS.

Regarding network depth, increasing the number of convolutional layers does not
consistently improve generalization. In fact, 3-layer deep architecture tends to fluctuate
more than shallower architectures. This suggests that moderate depth, such as the 2-layer
configuration, achieves the best generalization.

Figure 4.23 presents the learning curve for the 2-layer CNN (architecture A5). The
training loss (mean squared error) drops sharply during the first epoch, but shows almost
no improvement after the first epoch. The loss values exhibit high variability at the
plateau. This unstable convergence is the sign of underfitting.

Commonly, CNN models are used with two-dimensional input data. But due to SK-
LearnRegressor (a scikit-learn wrapper for Keras models) restrictions, transforming the
data from one-dimensional to two-dimensional was not possible. Specifically, SKLearnRe-
gressor does not accept multidimensional inputs. Even when reshaping the data inside
the pipeline, scikit-learn’s internal validation still enforced a 2D shape. Given these
constraints, two-dimensional convolutional models were excluded from the current study
and are proposed as future work.

Best Performing Models

The Kernel Ridge Regression with optimal hyperparameters and the SNV method achieved
the best R2 score (0.978) among all machine learning models and preprocessing com-
binations. It also performed the lowest test RMSE of 0.92 and a train R2 of 0.51. The
differences between the test and train metrics, with an RMSE difference of 0.41 and R2
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(a) Train

(b) Cross-Validation

Figure 4.22.: Effect of L2 regularization on R2 performance across CNN architectures
with different convolutional depths (1, 2, and 3 layers). Both training (a)
and cross-validation (b) R2 scores show fluctuations in R2 score. The 3-layer
deep architecture has more volatility than other architectures, making it
less robust.
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Table 4.6.: CNN architecture performance across different hyperparameter settings. De-
trend and SNV were used as preprocessing.

Architecture Conv Layers Filter Dense Layer Kernel Size L2 λ RMSE (Test) R2 (Test)

A1 1 64 128 5 0.0001 2.551 0.830
A2 1 64 128 5 0.001 2.024 0.893
A3 1 64 128 5 0.01 2.581 0.826
A4 2 64 128 5 0.0001 2.988 0.766
A5 2 64 128 5 0.001 1.605 0.933
A6 2 64 128 5 0.01 2.246 0.868
A7 3 64 128 5 0.0001 2.118 0.883
A8 3 64 128 5 0.001 4.262 0.524
A9 3 64 128 5 0.01 1.833 0.912

Figure 4.23.: Mean Squared Error loss over epochs for CNN architecture A5. The training
loss was recorded for 50 epochs.

difference of 0.015, are low, indicating that the model provides a good fit. The scores are
shown in Figures 4.7 and 4.8.

Beyond KRR, PLS (R2=0.961, RMSE=1.215), LSSVM (R2=0.958, RMSE=1.263),
and KNN (R2=0.964, RMSE=1.203) also delivered competitive test results. To further
evaluate their robustness, the two strongest preprocessing methods were selected for each
model. Robustness was assessed using repeated cross-validation. 4-fold cross-validation
was repeated 10 times and the cross-validation score of each fold was collected. Overall,
40 scores for each mode were recorded and summarized as boxplots in Figure 4.24.

PLS, LSSVM and KRR achieved high R2 scores on cross-validation folds. Their means
and medians are high and interquartile ranges are relatively narrow and they have lower
number of outliers. However, KRR exhibited slightly lower mean and median and one
negative R2 as an outlier.

Tree-based models (RF and XGBoost) and KNN were moderately strong with several
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outliers. Although the interquartile range of KNN is narrow, the number of outliers is
higher than any other models. CNN showed the lowest mean and median R2 scores and
widest box since R2 scores had a very wide spread. CNN was highly unstable under the
our configuration and preprocessing.

Figure 4.24.: The cross-validation R2 scores from two best preprocessing method for each
model were depicted in the box plot. The selection was made according to
test R2. The medians were shown with an orange line while the means were
indicated with a green triangles.

4.3.2. Regression Model Performance on MIR Spectral Data in Comparison
to NIR

As shown in Figure 4.25, the MIR results are consistently worse than those from NIR for
all models. In most cases, the R2 values for MIR are lower, and even when the training
R2 occasionally exceeds that of NIR, the test R2 drops significantly below the NIR score.
This is an indicator of overfitting. Additionally, MIR spectra consistently yield higher
RMSE values than NIR across nearly all models and preprocessing methods, particularly
on the test set. For this reason, we do not provide a detailed discussion of each model’s
MIR performance. Since NIR produced better results overall, the analysis in this thesis
focuses on the NIR data.

The differences between NIR and MIR performance can be attributed to several factors.
First, our NIR dataset was larger than the MIR dataset, since NIR spectroscopy enabled
faster and more practical data acquisition than MIR. Second, MIR spectroscopy had
a smaller scan area, which reduced the representativeness of the measurements for our
textile specimens. This limitation was particularly important given that the specimens
were not composed of fully homogeneous fibers.
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(a) Test Set

(b) Train Set

Figure 4.25.: Heatmap of R2 values on test (a) and training (b) data. On the x axis,
the preprocessing methods and on the y axis, the regression models are
presented.
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(a) Test Set

(b) Train Set

Figure 4.26.: Heatmap of RMSE values on test (a) and training (b) data. On the x axis,
the preprocessing methods and on the y axis, the regression models are
presented.
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5.1. Conclusion

This study explored the application of infrared spectroscopy and supervised machine
learning models for the quantification of cotton-polyester blended textiles, with the goal
of improving textile recycling processes. A reliable and fast textile sorting technology has
been demonstrated to be possible as a result of the study.

A systematic approach was developed to determine the optimal sample size, ensuring
statistically representative and efficient measurements. The Bootstrap resampling method
was found to be an effective and computationally efficient approach for determining the
minimum number of measurement spots per specimen. Using a margin-of-error-based
approach applied to peak absorbance values, it was found that measuring at least 10
spots per specimen reliably captures the spectral variability.

For predictive modeling, several regression algorithms were evaluated, including Partial
Least Squares Regression (PLSR), Least Squares Support Vector Machine (LSSVM),
Kernel Ridge Regression (KRR), Random Forest, K-Nearest Neighbors (KNN), Gradient
Boosting (XGBoost), and a Convolutional Neural Network (CNN). Among all models, the
combination of SNV and Kernel Ridge Regression emerged as the model with the lowest
RMSE test score that is less than 1. However, KRR proved more sensitive to data splits
than PLSR and LSSVM, which delivered strong performance in narrow cross-validation
dispersion. PLSR and LSSVM consistently performed well across most preprocessing
methods, whereby LSSVM generalized the best, as the train and test scores were very
close. KNN, while exhibiting excellent training scores, showed potential overfitting and
bias in predicting low cotton ratios. Random Forest and XGBoost tended to overfit while
CNN exhibited large variability.

We observed that the choice of pretreatment method plays a critical role in regression
accuracy and model generalization. Methods such as Detrend, ALS, and FillPeaks
proved highly effective in correcting baseline drifts, while SNV and MSC were valuable in
reducing scatter-induced variability. The effectiveness of these techniques, however, varied
by model, confirming that preprocessing should be adaptively selected in conjunction
with the chosen regression algorithm.

The results suggest that combination of Near-Infrared (NIR) spectroscopy with machine
learning models provides a fast, non-destructive, and accurate approach for textile
quantification, addressing a critical need in textile recycling. Although the fundamental
vibrations of molecules occur in the MIR region, NIR spectroscopy provided higher quality
spectral data. Thanks to its wide scanning area, it allowed us to measure a larger portion
of the textile samples and therefore collect more reliable data. NIR spectroscopy also
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performed faster measurements than MIR spectroscopy.
In summary, the findings of this study will contribute to the development of automatic

and scalable textile separation systems, increasing efficiency in textile recycling and
supporting the circular economy model in the sector.

5.2. Outlook

Based on the promising findings of this study, we can discuss some future developments
that could increase the scalability and robustness of textile quantification using IR
spectroscopy.

The current dataset can be expanded by adding more textile samples with various
cotton-polyester fiber compositions. A larger dataset allows for more robust model training
and better generalization to real-world textile waste streams. However, preparing and
measuring textile samples to expand the dataset is labour-intensive and time-consuming.
Therefore, this thesis sought and calibrated the most generalizable and accurate regression
models with a limited dataset. In the next phases, the number of textile samples will be
increased and the dataset will be enlarged.

Besides increasing the number of samples, expanding the range of the cotton content
in the dataset would enable more accurate quantification of textile samples with a cotton
content outside of our range of 50% to 27%. As the dataset grows, the importance of outlier
detection increases. While on-the-fly outlier removal worked due to the small dataset,
integrating methods such as Mahalanobis distance or PLS residuals will ensure objectivity
and scalability in a bigger dataset. Additionally, future work should explore feature
selection alongside dimensionality reduction. Feature selection can retain chemically
meaningful information and reduce multicollinearity without excessive data compression,
which can be advantageous for complex models.

To ensure that the observed data are a good representation of the population, the
measurement database will be expanded in the future with additional measurements
using spectroscopy infrastructures from different institutes. These measurements will be
compared with data obtained with our spectroscopy infrastructure to further validate
and improve the measurement methods. The same models will be trained on the datasets
and the results will be observed.

The current approach does not take into account factors of wet textiles and black
or dark fabric samples. Using conventional NIR and MIR spectroscopy, measuring
dark-colored textile samples is difficult due to reduced reflectance and reduced signal
quality. Water content also introduces strong absorption bands that overlap critical
spectral features. Expanding the study to include Raman spectroscopy could provide
complementary spectral data and further increase the accuracy of fiber identification, as
Raman spectroscopy is insensitive to water and dark color dyes.

As we demonstrated, it is possible to estimate the cotton content of textiles using
regression models. Therefore, the project could be expanded to the quantification of other
fibers like silk or viscose in the future. In this context, the classification of different fibers
using machine learning models could be another future goal.
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A. Appendix

The spectral database, model output as well as the related Python and R code can be
found at the project’s Github repository [Yay25].

71


