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Full length article 

Discriminating the viscoelastic properties of cellulose textile fibers 
for recycling 

Ella Mahlamäki a, Inge Schlapp-Hackl b, Marja Rissanen b, Michael Hummel b, Mikko Mäkelä a,* 

a VTT Technical Research Centre of Finland Ltd., PO Box 1000, 02044 VTT Espoo, Finland 
b Aalto University, School of Chemical Engineering, Department of Bioproducts and Biosystems, PO Box 16300, 00076 Aalto, Finland   
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A B S T R A C T   

The viscoelastic properties of cellulose fibers play an important role in chemical recycling of textiles. Here we 
discriminated the intrinsic viscosity of cotton roll towels and bed linens using near-infrared imaging spectroscopy 
and supervised pattern recognition. The classification results showed training and test set accuracies of 84–97% 
and indicated that the relevant spectral features were related to water, cellulose, and cellulose crystallinity. We 
hypothesized that the decreasing intrinsic viscosity of cotton was associated with changes in cellulose crystal
linity and water adsorption, which was supported by additional X-ray and sorption measurements. These results 
are important as they indicate the potential to non-invasively estimate the degree of polymerization and the 
suitability of different cotton materials for chemical recycling. We propose that changes in the degree of poly
merization and cellulose crystallinity could be used as an indicator of the chemical quality of cellulose fibers, 
which would have wider impacts for textile recycling.   

1. Introduction 

Chemical recycling of waste textiles into regenerated cellulose fibers 
is a promising step in meeting the increasing demand for textile fibers. 
The global fiber production for textiles has more than doubled to 120 
million tons since the year 2000 (The Fiber Year, 2020). Over the same 
period the world population has grown by 25% (Palacios-Mateo et al., 
2021) and the European Union and Switzerland alone currently generate 
7–7.5 million tons of textile waste every year (McKinsey and Company, 
2022). This equates to over 15 kg per capita and could increase to nearly 
20 kg by 2030 (McKinsey and Company, 2022). Less than 15% of textile 
waste from clothing applications is currently recycled or reused, the 
majority is mainly landfilled or incinerated (The Ellen MacArthur 
Foundation, 2017). This disposed waste feedstock provides an oppor
tunity to complement primary virgin fibers through recycling. 

Fiber properties play an important role in chemical recycling of 
cellulose fibers. Cotton and regenerated cellulose, such as viscose and 
lyocell, show a polymorphic difference in their crystal structure and in 
polymer chain length (Makarem et al., 2019; Wedin et al., 2019). 
Polymer chain length, or the degree of polymerization, together with the 
molecular mass distribution govern the viscoelastic properties of dis
solved fibers. These properties need to be controlled to manage spinning 

and regeneration behavior during recycling. Dissolved fiber properties 
can in practice be manipulated by changing the cellulose concentration 
in solution, by lowering the degree of polymerization of the fibers, or by 
blending the fibers with other feedstocks (Wedin et al., 2019). Merely 
estimating the viscoelastic behavior of fibers by measuring intrinsic 
viscosity with traditional laboratory methods is, however, 
time-consuming and expensive. 

We have recently shown how virgin and regenerated cellulose fibers 
were identified using near infrared (NIR) imaging spectroscopy and 
chemometrics (Mäkelä et al., 2021). Our results together with the recent 
results of others (Rashed et al., 2021; Saito et al., 2021), were encour
aging contributions to the textile identification field, which has mainly 
concentrated on synthetic and natural fibers (Blanch-Perez-del-Notario 
et al., 2019; Cura et al., 2021; Li et al., 2019; Mäkelä et al., 2020; Tan 
et al., 2019). Reliable identification of different cellulose fibers enables 
managing the logistics and feedstock supply for chemical recycling. 
Regenerated fibers show on average lower polymer chain lengths than 
virgin cotton, but mechanical and chemical degradation of textiles 
during service and laundering is known to decrease polymer chain 
length (Palme et al., 2014, 2016; Wedin et al., 2019). This uncontrolled, 
object-specific variation makes it difficult to control dissolved fiber 
rheology purely based on fiber type. 
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Here, we build on our previous work and illustrate how the intrinsic 
viscosity of cellulose fibers can be estimated by NIR imaging and su
pervised pattern recognition. Our method (Mahlamäki, 2022) takes 
advantage of averaging across individual pixel spectra to improve the 
stability of sample spectra for subsequent feature extraction and classi
fication. We show how the classification enabled discriminating cotton 
fibers into specific viscosity ranges and discuss how further analysis of 
the classifier indicated changes in the relative crystallinity and water 
adsorption of cellulose with the degradation of the fibers. Overall, our 
results provide a means to non-invasively estimate the viscoelastic 
properties of cellulose fibers for chemical recycling and to potentially 
evaluate the chemical quality of textile fibers in the broader context of 
textile recycling. 

2. Experimental 

2.1. Samples and reference measurements 

Two sets of cotton samples were acquired from known textile oper
ators. The first set included 100% cotton bed linen fabrics used in hos
pitals and was provided by Uudenmaan Sairaalapesula Oy (Wang, 
2018). The bed linens included 18 different fabrics and three to four 
samples were prepared per fabric, which generated a total of 55 samples. 
The second set was composed of 100% cotton roll towel fabrics and was 
provided by Lindström Oy. The roll towels included 19 different fabrics 
and three samples were prepared per fabric providing a total of 57 
samples. All samples had physical dimensions of circa 10 × 10 cm2. 

The intrinsic viscosities of the samples were determined on the fabric 
level, which provided a total of 37 reference viscosities. Two to three 
additional 10 × 10 cm2 pieces of the bed linens and roll towels were 
prepared from adjacent parts to the imaging samples and ground to 600- 
micron segments using a Wiley Mini Mill (Model 475-A) with a 30-mesh 
screen. The ground powders were combined, and two to three solutions 
were then prepared for determining intrinsic viscosity in triplicate ac
cording to the standard method SCAN–CM 15:99 (1988) of the Scan
dinavian pulp, paper, and board testing committee. Table 1 summarizes 
the materials, number of samples, and determined intrinsic viscosity 
ranges based on the means of the replicates. The determined intrinsic 
viscosities of the fabrics and their pooled standard deviations are given 
in Table S1 in the Supplementary information. 

Cellulose crystallinity and water adsorption were determined from 
chosen bed linen fabrics. Small fragments of the samples were first 
milled, and their X-ray diffraction patterns were determined with a 
Xenocs Xeuss 3.0 X-ray diffractometer. The instrument was operated in 
transmission mode with Cu Kα radiation (λ = 1.54189 Å) at 50 kV/0.6 
mA and was equipped with a Dectris Eiger2 R 1 M detector. The samples 
were placed into the radiation beam with a sample-to-detector distance 
of 56 mm under a vacuum of ca. 0.2 mbar. The powder diffraction data 
were collected from different spots of the sample in continuous mode 
from 5◦ to 50◦ 2θ using an exposure time of 480 s. The signals were 
corrected by subtracting background signals, which were recorded 
without any sample. The diffraction patterns were then analysed with 
the Fityk 1.3.1 (Softpedia®) software and the corresponding Segal 
crystallinity indices were determined according to Segal et al. (1959) 
and French (2014). 

Water adsorption was determined using a dynamic vapor sorption 

analyzer (DVS Resolution, Surface Measurement Systems Ltd., UK). The 
fabrics were first dried at 50 ◦C for 5 h and stored in a desiccator. The 
mass change of approximately 15–20 mg of each sample was then 
determined by adjusting the relative humidity of the microbalance 
chamber stepwise from 20% to 80% at a temperature of 25 ◦C under a 
nitrogen flow of 200 ml min− 1. The relative humidity in the chamber 
was kept constant during each step until the sample mass reached 
equilibrium with a mass change lower than 0.002 mg min− 1 over a 10- 
minute period. The water adsorption of three replicate samples were 
determined and the results were reported as the weight percent change 
of the dry fabrics. 

2.2. Imaging spectroscopy 

NIR images of the textile samples were determined with a Specim 
SWIR 3 (Specim, Spectral Imaging, Ltd.) imaging spectrograph. The 
instrument operated in line-scanning mode and the detector recorded 
light intensity on 384 spatial pixels and 288 spectral variables. The 
wavelength range was 967–2560 nm with a sampling of 5.6 nm and a 
spectral resolution of 12 nm (full width half maximum). During the 
imaging procedure the samples moved under the camera and the speed 
of the moving stage was adjusted so that round objects appeared 
approximately round. The samples were illuminated with quartz 
halogen lamps and the field of view was set to approximately 12 cm. The 
integration time was adjusted so that the highest reflectance signals 
from an externally calibrated 99% reflectance target were approxi
mately 90% of the maximum signal output. The images were first 
determined as raw signal intensity counts and were then converted to 
reflectance values using a two-point linear reflectance transformation 
based on reflectance target and dark current measurements (Burger and 
Geladi, 2005). Wavelength variables outside the range 1000–2500 nm 
were excluded to remove the noise at extreme wavelengths. This 
reduced the number of spectral variables to 270. 

2.3. Data analyses 

The samples in the reflectance images were separated from the 
backgrounds using principal component analysis (PCA) (Bro and 
Smilde, 2014; Geladi et al., 1989). All sample pixels were then used to 
calculate the average spectrum of each sample. The reflectance spectra 
were -log10 transformed into absorbance units and preprocessed using a 
second order and first derivative Savitzky-Golay polynomial filter with a 
window size of 15 variables followed by standard normal variate (SNV) 
transformation (Barnes et al., 1989; Burger and Geladi, 2007). 

The differences in the sample spectra were first determined using 
PCA. The sample spectra were combined, mean centered, and decom
posed according to the general PCA model, Eq. (1): 

X =
∑n

i=1
tipi

T + En (1)  

where X denoted a matrix of preprocessed and mean centered average 
sample spectra, ti and pi the principal component score and loading 
vectors, respectively, and En the residual matrix after n principal 
components. 

The samples were then classified into three different viscosity ranges 
using linear discriminant analysis (LDA) (Morais et al., 2020). The LDA 
procedure can be broken down into two separate steps. The training set 
scores on a chosen number of principal components were first projected 
into new canonical dimensions, which maximized separation between 
the defined classes. The scores on these dimensions were then used to 
determine the class centroids and the objects were assigned to the class 
with the closest centroid. 

A pooled within-class covariance matrix was first determined to 
describe the variation within the classes, Eq. (2) (McLachlan, 1992): 

Table 1 
The materials, number of samples, and the determined intrinsic viscosity ranges.  

Material Fabrics Overall 
samples 

Measured intrinsic viscosities (ml 
g− 1) 

Cotton bed 
linens 

18 55 300–1270 

Cotton roll 
towels 

19 57 590–1660  
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W =
1

n − c

∑c

i=1

∑ni

j=1

(
tij − ti

)T( tij − ti
)

(2)  

where W denoted the within-class scatter matrix of the three groups, n 
the number of training objects, c the number of classes, ni the number of 
training objects in the ith class, tij the PCA scores of the jth sample in ith 
class and ti the mean score vector of the ith class. A pooled between-class 
covariance matrix described the variation between the classes, Eq. (3) 
(McLachlan, 1992): 

B =
1

c − 1
∑c

i=1
niti

Tti (3) 

The new canonical dimensions were determined as the eigenvectors 
of W− 1B by solving the eigenvalue problem, Eq. (4): 

W− 1BL = Lλ (4)  

where L denoted the eigenvectors and λ a diagonal matrix of the cor
responding non-zero eigenvalues. 

A classification rule was then defined as, Eq. (5): 

di(c) = min
1<i<c

di(c) (5)  

with 

di(c) = (c − ci)S− 1(c − ci)
T (6)  

where di(c) in Eqs. (5) and (6) expressed the squared Mahalanobis dis
tance (De Maesschalck et al., 2000) between the vector object c and the 
class centroid ci in the canonical sub-space by assuming equal 
variance-covariance using a pooled estimate S similar to Eq. (2). 

Previous work has shown that a cellulosic solute with an intrinsic 
viscosity of around 400–500 ml g− 1 typically offers good spinnability in 
a Lyocell-type spinning process (Asaadi et al., 2016). As we had a limited 
number of samples in the exact 400–500 ml g− 1 range, we defined the 
three viscosity ranges for classification as <350, 350–550, and >550 ml 
g-1. Training and test sets were formed by allocating the samples from 

every third fabric object into a test set and the PCA model was deter
mined based on the training set. The optimal number of principal 
components was determined by cross-validation. For cross-validation 
the fabric objects in the training group were consecutively divided 
into three groups and PCA-based classification models were built by 
leaving out the samples in each group once. The left-out group was used 
as a cross-validation test set and the share of correctly classified test 
objects was determined on each cross-validation round. The lowest 
number of principal components which produced the highest overall 
share of correctly classified test samples was then chosen. The analyses 
were performed using in-house scripts developed in Matlab® (The 
MathWorks, Inc.) including functions from the PLS toolbox (Eigenvector 
Research, Inc.). 

3. Results and discussion 

3.1. Technical details 

The intrinsic viscosity of a cellulose substrate relates to the average 
degree of polymerization and is used to describe the viscoelastic prop
erties of dissolved cellulose fibers. It is a key parameter that must be 
controlled to manage the spinning and regeneration behavior of textile 
fibers during chemical recycling. We preprocessed the average absor
bance spectra of the cotton samples with Savitzky-Golay filtering and 
SNV transformation to emphasize the changes in the signals and to 
reduce the effects of inhomogeneous lighting and scattering. Fig. 1 
shows the imaging principle and the effects of preprocessing on the 
sample spectra. As shown in Fig. 1C, the preprocessed and mean 
centered spectra contained information on chemical differences associ
ated with the determined intrinsic viscosities. The moving window 
derivation in Savitzky-Golay filtering generated a peak shift and trans
formed the peaks in the original absorbance spectra into close to zero 
values in the preprocessed and mean centered spectra and the following 
PCA loadings. 

The spectra were then decomposed into PCA scores and loadings for 
a systematic view on the differences within the samples. The first two 

Fig. 1. An illustration of the imaging principle (A), average spectra of the samples (B), preprocessed and mean centered spectra (C), sample scores on the first two 
principal components (D), and respective principal component loadings with the most important wavelength differences (E). The wavelengths marked in (E) are 
discussed in the text and the spectra and symbols have been colored based on the measured intrinsic viscosities. 
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principal components explained 89% of the variation in the sample 
spectra. As illustrated in Fig. 1D, the score values indicated two distinct 
clusters based on fabric type. The cotton bed linens, which had on 
average lower intrinsic viscosities (Table 1), showed higher score values 
on the first principal component. The loadings indicated that these 
positive scores were associated with lower absorbance at approximately 
1440 and 1940 nm (Fig. 1E), which generally correspond with the 
known water-related O–H vibrations in NIR spectra (Engelsen, 2016; 
Schwanninger et al., 2011). The loadings also showed absorbance dif
ferences at circa 1680 and 2250 nm, which suggested variation in the 
C–H, O–H and C–H vibrations previously reported for cellulose in 
wood (Schwanninger et al., 2011). Changes in intrinsic viscosity were 
also reflected in the PCA score values. As shown in Fig. 1D, scores on the 
second principal component increased towards higher intrinsic viscos
ity. The loadings suggested that the most important variations were 
located at approximately 1450, 1670, 1940, 2120, 2260, and 2340 nm in 
the original absorbance spectra (Fig. 1E). These wavelengths have been 
reported for the vibrational modes of O–H, C–H and C–O bonds in 
cellulose and other lignocellulosic components in wood (Schwanninger 
et al., 2011). Overall, the PCA results suggested that the spectral vari
ation across both fabric types was associated with changes in the 
vibrational modes of water and cellulose. 

The sample spectra were then divided into training and test sets for 
supervised classification. Important features in the training set were first 
extracted with PCA and the resulting scores were used for classification 
with LDA. The cross-validation results showed that 10 principal com
ponents provided the highest classification accuracy based on the 
training set, see Fig. S1 (Supplementary information). Too few principal 
components were unable to extract the underlying features which 
separated the classes, while too many generated dense training set 
clusters but decreased cross-validation accuracy. This indicated under- 
and over-fitting and emphasized the importance of extracting features 
for LDA with our dataset. We also determined cross-validation accuracy 
by using different preprocessing combinations based on first and second 
derivative Savitzky-Golay filtering and SNV (Xu et al., 2020). The results 
are shown in Fig. S2. The other preprocessing alternatives resulted in 
lower cross-validation accuracies and required more principal compo
nents for classification and were hence neglected. 

The final LDA model resulted in overall classification accuracies of 
97% and 84% based on the training and test sets, respectively. Fig. 2A 
illustrates the PCA scores projected onto the determined canonical di
mensions and the class boundaries defined by equal Mahalanobis dis
tances to the class centroids. Two training samples were misclassified to 
the viscosity class 350–550 ml g-1. These two samples had reference 

intrinsic viscosities of 300 ± 20 and 600 ± 9 ml g-1 (mean ± standard 
deviation), which were relatively close to the defined limit values 
separating the three classes. The number of misclassified samples 
increased for the test set. Five test samples were misclassified to the 
viscosity class <350 ml g-1 and one test sample to the class 350–550 ml g- 

1. These six misclassified samples originated from two distinct fabrics 
which had reference intrinsic viscosities of 380 ± 6 and 630 ± 18 ml g-1 

(mean ± standard deviation). The former was close to the defined class 
limit (350 ml g-1), while the latter showed a comparatively higher 
standard deviation in the determined reference values. 

The overall accuracies were promising despite the class sizes, which 
were different across the classes. 78% of the overall samples were assigned 
to the viscosity class >550 ml g-1 and the remaining samples were 
distributed to the two other classes. We further divided the samples to 
training and test sets. The classifier was trained with only six samples in 
the 350–550 ml g-1 class and nine samples in the <350 ml g-1 class. We 
used overall accuracy determined as the share of correctly classified 
samples across the three classes to describe classification performance. 
Class-specific accuracies varied across the classes and were in the range 
50–100% based on the test set, Fig. 2A. The lowest class-specific accuracy 
was determined from the 350–550 ml g-1 viscosity class and the highest 
from <350 ml g-1 class as shown by the test set results. Megahed et al. 
(2021) recently discussed the use of overall accuracy with imbalanced 
classes. Evaluating classifier performance with this metric can lead to an 
unjustified emphasis on the majority class during training, which can 
result in significantly higher test set accuracy with the majority class 
compared with the minority class (Megahed et al., 2021). These findings 
were not supported by our results, which showed lower class-specific ac
curacies with the majority and the other minority class. These mis
classifications resulted from two distinct fabrics, where the determined 
reference values were likely not in line with the information contained in 
the spectra. Class imbalance could be compensated by collecting more 
samples to the low viscosity classes, which we aim to tackle in future work. 

Canonical dimensions can be expressed as weights, which are useful 
to evaluate the importance of the extracted PCA features for class sep
aration. We normalized these weights with the standard deviation of the 
principal component scores to account for the variation explained by 
each component. We then concentrated on the first canonical dimension 
and identified the components which were most influential for sepa
rating the viscosity classes (Fig. 2A). The results are shown in Fig. S3 and 
indicated that the first, second, seventh and ninth principal components 
were the most influential ones and played a key role in describing the 
class features in the spectra. The loadings of the first and second prin
cipal component were nearly identical to the ones shown in Fig. 1E as 

Fig. 2. Classification results for the training and test sets (A), samples chosen for the crystallinity measurements and their relative crystallinities (B), water adsorption 
by the chosen samples based on intrinsic viscosity and relative humidity (C), and a visualization of the proposed connection between intrinsic viscosity, cellulose 
crystallinity, and water adsorption in the cotton fabrics (D). The training and test sets scores in (A) have been super-imposed in (B) for clarity. 
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they were determined based on a similar but limited set of training 
spectra (Fig. S4). The seventh and ninth principal components provided 
additional information for evaluating the chemical changes between the 
classes. The majority of the original absorbance peaks indicated by the 
loadings were generated by the vibrational models of different chemical 
components in cellulose based on potential band assignments from the 
literature (Fig. S4). We identified additional wavelengths at circa 
1490–1500 and 2080 nm, which coincided with the assignments for 
semi-crystalline or crystalline regions in wood cellulose (Belt et al., 
2022; Mitsui et al., 2008; Schwanninger et al., 2011; Tsuchikawa et al., 
2005). We note that the reliable assignment of NIR peaks is challenging 
as the specific literature on textile fibers is limited and imaging in
struments have a lower spectral resolution than traditional spectrome
ters. The intensities of these peaks, however, seemed to increase in the 
original absorbance spectra with decreasing intrinsic viscosity and 
suggested a connection between intrinsic viscosity and cellulose crys
tallinity in the cotton fibers. 

Changes in intrinsic viscosity were coupled to the vibrational modes 
of water, cellulose, and cellulose crystallinity based on the first canon
ical dimension and the PCA loadings. We hypothesized that a decrease in 
intrinsic viscosity, which is generally caused by the mechanical and 
chemical degradation of fibers, was associated with an increase in 
relative crystallinity due to the decomposition of amorphous or less- 
ordered cellulose (Palme et al., 2014, 2016). Fibers with higher 
intrinsic viscosity and lower relative crystallinity would be likely to 
adsorb more moisture as amorphous or less-ordered cellulose generally 
shows an increased number of adsorption sites due to improved struc
tural accessibility (Ciolacu et al., 2012; Ioelovich, 2009). This hypoth
esis was supported by the higher water content in the roll towels with 
higher average viscosity based on the spectra. Increased moisture 
adsorption with decreasing cellulose crystallinity has previously been 
reported by studies on the moisture uptake of cellulose powders for 
pharmaceutical applications (Mihranyan et al., 2004; Heidarian 
Höckerfelt and Alderborn, 2014). 

To test our hypothesis, we selected a total of twelve bed linen sam
ples from four fabrics in the low and high viscosity classes within the 
viscosity range 310–1070 ml g-1 and determined their relative crystal
linity and water adsorption using X-ray diffraction and dynamic vapor 
sorption. The results are given in Tables S2-S3. We then evaluated the 
effect of intrinsic viscosity on relative crystallinity and the effects of 
intrinsic viscosity and relative humidity on water adsorption using 
linear regression. Three observations, which showed distinctively 
different or physically meaningless values, were identified as outliers 
based on normalized model residuals and were excluded from the 
models (Figs. S5-S6, Tables S4-S5). As shown Fig. 2B, the low and high 
viscosity samples had average crystallinity indices of 89 ± 2% and 82 ±
3% (mean ± standard deviation) and the difference in these crystallin
ities was statistically significant (p < 0.01) based on the regression 
model (Fig. S7). Intrinsic viscosity and relative humidity also had a 
positive interaction effect on the water adsorption of the cotton bed 
linens based on vapor sorption. This interaction is illustrated in Fig. 2C 
and indicated that the bed linens with higher intrinsic viscosity and 
lower relative crystallinity adsorbed on average 0.4% more water under 
80% relative humidity. The changes in adsorption were small across 
different intrinsic viscosities, but the interaction was statistically sig
nificant (p = 0.08) based on the regression model (Fig. S8). Overall, 
these crystallinity and sorption measurements were not successful in 
disproving our hypothesis. We have further visualized the proposed 
connection between intrinsic viscosity, cellulose crystallinity, and water 
adsorption in the cotton fabrics in Fig. 2D. 

3.2. Environmental and economic relevance 

These results are important as they indicate the potential to non- 
invasively estimate the degree of polymerization and the suitability of 
cotton materials for chemical recycling. We concentrated on two 

different fabric types to emphasize that the results were not limited to a 
specific material and could potentially be extended to other raw mate
rials for chemical recycling. Our method could enable sorting these 
materials into different categories based on their macromolecular 
properties, which would allow tailoring the subsequent pretreatment 
conditions towards each category. Both chemical and enzymatic 
methods (Asaadi et al., 2016; Haslinger et al., 2019; Mölsä et al., 2022) 
are currently being developed for pretreating textile waste for chemical 
recycling. Tailoring the conditions of these methods would save both 
chemicals and energy and increase the competitiveness of chemical 
recycling. This would improve our ability to complement virgin textile 
fibers with chemically recycled waste fibers. 

Mölsä et al. (2022) recently studied the environmental impacts of 
different management strategies for cotton roll towels. The authors 
compared a traditional linear life cycle with reuse and recycling alter
natives by determining their climate change impact and water con
sumption. Their results showed that extending the lifetime of the roll 
towels has the largest potential to decrease the associated environmental 
impacts. Extending the number of the times the towels were used 
decreased the climate change impact and water consumption by 24% 
and 47%, respectively. The savings increased to 28% in climate change 
impact and 80% in water consumption if the towels were both reused 
and then chemically recycled, but the effects of recycling alone were 
more difficult to quantify. The savings potential of recycling was 
dependent on the chosen recycling technology and the type of 
substituted textile product. The highest savings were obtained by 
substituting conventional cotton. 

Our results can have larger implications for different recycling 
pathways. In the future waste textiles will be mechanically, chemically, 
or thermally recycled depending on their composition and the re
quirements of the recycled products (Niinimäki et al., 2020). Virgin or 
regenerated cellulose fibers can be either mechanically or chemically 
recycled. As pointed out by Sahimaa et al. (2023), mechanical recycling 
requires shredding the fibers and decreases fiber quality but offers an 
alternative to replace part of the virgin fibers in a fabric. Chemical 
recycling demands additional water and chemicals but can even 
improve the strength properties of the fibers (Sahimaa et al., 2023). Both 
options will likely be used, and mechanically recycled fibers can be 
chemically regenerated after a certain number of lifecycles as the quality 
of the fibers decreases during mechanical recycling. We propose that 
changes in the degree of polymerization and cellulose crystallinity could 
be used as an indicator of the chemical quality of cellulose fibers to 
evaluate when the fibers require regeneration. According to our better 
knowledge such methods do not currently exist, and our approach 
described here could offer a viable alternative for further development. 

4. Conclusions 

We discriminated the viscoelastic properties of cotton bed linens and 
roll towels based on imaging spectroscopy and supervised pattern 
recognition. Changes in the intrinsic viscosity of cotton were visible in 
the average image spectra, which were classified into different viscosity 
ranges with discriminant analysis. The results showed overall classifi
cation accuracies of 84–97% based on the training and test sets and 
indicated that the relevant spectral features were related to water, cel
lulose, and cellulose crystallinity. We presented a hypothesis where a 
decrease in the intrinsic viscosity of cotton fibers was associated with 
changes in cellulose crystallinity and water adsorption. Additional X-ray 
and vapor sorption measurements showed that bed linens with higher 
intrinsic viscosity had on average lower relatively crystallinity and 
adsorbed more water under higher relative humidity therefore sup
porting our hypothesis. Our results are significant as they indicate the 
potential to non-invasively estimate the degree of polymerization and 
the suitability of cotton materials for chemical recycling across different 
material types. In the future this would allow tailoring the conditions of 
different pretreatments for chemical recycling of textile wastes. Finally, 
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we propose that changes in the degree of polymerization and cellulose 
crystallinity could be used as an indicator of the chemical quality of 
cellulose fibers, which would have wider impacts for different recycling 
methods within the circular economy of textiles. 
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