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A B S T R A C T

Natural fibres from plants such as flax (Linum usitatissimum) are gaining interest as possible green replacements of 
synthetic fibres to reduce textile pollution footprints. However, the extraction-facilitating process of bast fibres 
from the flax stem, i.e. dew retting, is still empirically evaluated, resulting in either over or under retted fibre, 
both of which decrease the resulting fibre quality and introduce batch variability. There is currently no in-the- 
field device available to help farmers to monitor and manage flax dew retting. Flax growers generally use a 
‘Fried-test’ or ‘organoleptic’ evaluations to define dew retting progression. In this study, we have measured this 
stem surface colour change using a spectrophotometer. Spectra in 400 to 700 nm range were acquired during 3 
retting periods, carried out in different retting years, involving 4 fields in total. Cluster analysis of spectra 
revealed four distinct stages of retting which we termed: beginning, early, middle and advanced. Moreover, by 
the use of a statistical pipeline including PCA and PLS-DA we established that measurements of only four selected 
wavelengths (480, 490, 600, and 610 nm) are sufficient to predict the retting stage with a high degree of con
fidence. This work paves the way for the future development of colour sensors, which could be mounted on 
drones. Such onboard sensors would provide farmers with a practical tool to identify the optimal moment to end 
retting.

1. Introduction

Natural fibres from various plant species have been used by humans 
for centuries to create robust textiles, and more recently as a sustainable 
alternative to synthetic fibres in composite materials (Melelli et al., 
2021; Tariq et al., 2022). Bast fibres of flax (Linum usitatissimum L.) are 
mid-long to long and dense in crystalline cellulose i.e., strong and 
flexible (Thapliyal et al., 2023). They are particularly suitable to make 
high-quality textiles and various composite products (Mohanty et al., 
2000; Chand and Fahim, 2020). Firstly, the fibres are pre-extracted 

following a process called retting (Elfaleh et al., 2023; Mukherjee 
et al., 2025). Then extraction involves mechanical scutching, combing, 
spinning (Gomez-Campos et al., 2021). Retting is a microbial process 
where the stem tissue surrounding the bast-fibre bundles are dis
aggregated by the enzymatic action of microorganisms from soil and 
phyllosphere in humid conditions (Djemiel et al., 2017). In Europe, the 
most common method of retting is ‘dew retting’ (Chabbert et al., 2020; 
Réquilé et al., 2021). This involves leaving the harvested flax plants in 
the field for several weeks, where they are exposed to night-time dew, 
daytime sun and rainfall. These conditions promote the growth of 
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** Corresponding author at: Univ. Lille, CNRS, UMR 8576 - UGSF - Unité de Glycobiologie Structurale et Fonctionnelle, F-59000 Lille, France

E-mail addresses: suvajit.mukherjee@inrae.fr (S. Mukherjee), sebastien.grec@univ-lille.fr (S. Grec). 
1 Current address: Univ. Lille, INSERM UMR 1011 - Integrated molecular analysis of liver diseases, F-59045 Lille, France.

Contents lists available at ScienceDirect

Computers and Electronics in Agriculture

journal homepage: www.elsevier.com/locate/compag

https://doi.org/10.1016/j.compag.2026.111407
Received 3 July 2025; Received in revised form 16 December 2025; Accepted 2 January 2026  

Computers and Electronics in Agriculture 243 (2026) 111407 

Available online 9 January 2026 
0168-1699/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0003-4143-4035
https://orcid.org/0000-0003-4143-4035
mailto:suvajit.mukherjee@inrae.fr
mailto:sebastien.grec@univ-lille.fr
www.sciencedirect.com/science/journal/01681699
https://www.elsevier.com/locate/compag
https://doi.org/10.1016/j.compag.2026.111407
https://doi.org/10.1016/j.compag.2026.111407
http://creativecommons.org/licenses/by/4.0/


microorganisms on and within the flax stems which causes the enzy
matic degradation of the cell wall polymers such as pectin and hemi
cellulose (Wang et al., 2017; Mukherjee et al., 2024; Mukherjee et al., 
2025). Degradation of these cementing materials during dew retting 
facilitates the release of the cellulosic fibres from other stem tissues and 
from each other (Meijer et al., 1995; Bourmaud et al., 2019). As a 
consequence, fibres become easier to separate during subsequent me
chanical extraction steps so that good quality technical fibres are ob
tained (Baley, 2002; Akin, 2013; Bourmaud et al., 2019). Nonetheless, a 
prolonged dew-retting or over-retting can cause the degradation of 
cellulosic fibres, impacting the mechanical quality (Brown et al., 1984; 
Bratt et al., 1988; Meijer et al., 1995). On the other hand, under-retted 
fibres are not easily separated from the stem tissue, often causing 
cuticle/woody particles contamination reducing the fibre quality in 
fineness and homogeneity (Akin, 2013). Despite significant progress in 
recent years in understanding the chemical and biological mechanisms 
of dew retting (Djemiel et al., 2017; Bourmaud et al., 2019; Chabbert 
et al., 2020; Mukherjee et al., 2024), there is no methodology based on a 
reliable device for assessing the progression of this process. This leads 
industries and farmers to decide when to stop retting processing based 
on empirical assessments drawn from their experience. Farmers often 
rely on the straw colour change or manual in-hand evaluation of ease of 
fibre separation (Fried’s test) to decide to stop retting (Akin et al., 1996; 
Henriksson et al., 1997; Martin et al., 2013). Several studies, attempting 
to produce a tool to test the degree of retting using both physical (Seaby 
and Mercer, 1984; Brown et al., 1986; Donaghy et al., 1992; Meijer et al., 
1995; Sharma and Faughey, 1999) and biochemical properties (Meijer 
et al., 1995; Sharma and Faughey, 1999), suggested that a more sensi
tive and multimodal method is needed to determine and monitor the 
degree of retting in the field. Amongst others, monitoring of stem surface 
colour during dew-retting could represent a very promising parameter 
that could be easily measured with a reliable instrument in a non- 
destructive way. Flax stem colour change, inter alia, is commonly used 
by farmers to qualitatively evaluate the degree of retting; however, the 
scientific literature is scarce regarding quantitative studies of colour 
change of retting flax stems. These studies, often limited to visual or CIE 
Lab colour space (Commission Internationale de l’éclairage – L*a*b*) 
(Bleuze et al., 2018; Chabbert et al., 2020, 2023; Peyrache et al., 2024), 
indicate that colour change occurs with progression of retting but do not 
associate a specific wavelength with the degree of retting. In this study, 
we will examine, for the first time, colour changes across the entire 
visible spectrum with a view to identify wavelengths that can be 
considered as reliable markers. Such markers could serve as a basis for 
developing sensors to monitor retting directly in the field.

2. Materials and methods

2.1. Experimental design, sampling and data collection

Flax stems were harvested over three years (2014, 2021 and 2022) 
from four different fields (named A to D) in north of France, where 
retting was carried out by experts (flax growers) (Fig. 1(a)). Samples 
were collected from 3 − 5 sampling spots (150 × 100 cm) representing 
biological replicates (named T1-T3 or T5) for each field/ time point 
(days). Each sample consisted of a bundle of ~ 50–60 stems, grouped 
together for colour spectrum measurement (Fig. 1(b)). Extra-retted 
samples were collected from field D in 2022. In that case, the retting 
process finished on day 55 after plants were uprooted, when farmers 
decided to collect the straw from the field to perform scutching. Residual 
samples were kept on the field D for extra-retting and collected on day 
69 and day 90. Details about sampling, cultivars and data sets are pro
vided in Table 1 and Fig. 1(a). All field-collected samples were either 
naturally dry or air-dried at room temperature (20–21 ◦C, 60–65 % RH) 
for one or two days (until visually dry). In 2014 and 2021, samples were 
labelled by retting day and stored in the dark at room temperature until 
spectral analysis, while 2022 samples were subjected to spectral analysis 

along with sampling. Weather information during field retting was ob
tained from the nearby weather stations (https://www.infoclimat.fr). 
Normalized days at 15 ◦C (ND15) were calculated following Thiebeau 
and Recous, 2017; Réquilé et al., 2021, with formula: ND15 = 25/(1 +
145 × exp (− 0.120 × T◦)), where T◦ denotes daily mean temperature. 
Cumulative rainfall, cumulative temperature and cumulative ND15 are 
provided in Supplementary Data 3. Soil samples were collected from 
fields A, B and C for all replicates and sent to the “Laboratoire d'Analyses 
des Sols d’Arras, INRAE (https://las.hautsdefrance.hub.inrae.fr/pres 
tations)” to assess the soil composition (Supplementary Fig. 2; Sup
plementary Data 3). Field A is a silty-sandy soil with low clay (15 %) 
and organic carbon (11 g⋅kg− 1), typical of a neutral to slightly acidic pH. 
In contrast, field B and C are finer silty-clay soils with higher clay con
tent (26–31 %), greater organic carbon (20–23 g⋅kg− 1), and neutral to 
slightly alkaline pH, with field C being the most clayey and calcareous.

2.2. Collection of spectral readings

Colour changes in flax stem surface during retting were measured 
using a portable spectrophotometer (CM-23d, Konica Minolta), which 
was calibrated following the suppliers’ guidelines. The specular 
component included (SCI) mode of the spectrophotometer was used to 
capture readings across the visual spectrum (400–700 nm) with 10 nm 
intervals. SCI is a better choice for sample-to-sample comparison as it 
includes diffuse and specular reflections from the stems (Sanderson, 
2015). CIE Lab values were also acquired with the same spectropho
tometer for an alternative variant of the optical data representation. 
Data was processed using SpectraMagicNX software (www.konicami
nolta.fr, 2021). Measurements were taken at five positions along each 
flax stem bundle (following a contact-based approach): two measure
ments at the top and bottom of the bundle, and one at the middle (Fig. 1
(b), (c)). All recordings were first grouped based on their position on the 
stem (Top, Middle, Bottom), across the biological replicates (T1 to T3 or 
T5) and then averaged (Fig. 1(b)). This approach yielded 9 to 15 aver
aged readings per retting time point, depending on dataset and sampling 
structure (Supplementary Data 1b). Averaged recordings were then 
normalized by the use of the TotIn procedure of the chemospec 
(v.6.1.10) R package (Supplementary Fig. 3, Supplementary Data 2).

Photographs provided in Supplementary Fig. 4, illustrating the 
colour changes, were taken by a NIKON D5000 camera (24 megapixels, 
f/4.8 aperture) using auto settings (ISO 400, exposure time 1/90 s) 
under indoor lighting at a 90◦ angle.

2.3. Statistical analysis

All statistical analyses were carried out in R software (https://www. 
r-project.org/, version 4.4.2, 2024–10-31).

Concerning CIE Lab colour space analysis, outlier values identified 
by inter quartile range (IQR) were removed. Then the Shapiro-Wilk test 
was used to check for normal distribution of data and to check for equal 
variances among groups the Levene's test was used. A one-way analysis 
of variance (ANOVA) along with Tukey’s HSD (Honestly Significant 
Difference) test was performed using the Stats R package (v.4.4.2).

Concerning the spectral SCI data, averaged spectra readings were 
first normalized. Number of sample groups (defining “retting stages”) 
was estimated by K-means clustering using inbuilt Stats (v.4.4.2) pack
age in R. The elbow plot was used to plot within-cluster sum of squares 
(WSS) to evaluate the optimal number of clusters and the resulting 
cluster assignments were visualized with the factoextra R package.

Unsupervised Principal Component Analysis (PCA-analysis) and su
pervised Partial Least Squares Discriminant Analysis (PLS-DA) methods 
were used for data reduction. Both methods were performed using the 
mixOmics R package (v.6.30.0) (https://www.r-project.org/) (Rohart 
et al., 2017). Model robustness was assessed using 10-fold repeated 
cross-validation (10 repeats) with the caret (v.7.0.1) package (method =
“pls”). Class separation and feature contribution were examined 
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Fig. 1. Experimental design of flax stem surface colour analysis during retting. (a) Crop management diagram of retting events. (b) Surface colour acquisition of flax 
stems during the retting, with the CM-23d portable spectrophotometer (Konika-Minolta). (c) Spectral data acquisition and (d) data analysis pipeline.
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through score plots, loadings, and variable importance plots, while 
confusion matrices and ROC curves were generated using caret and 
pROC (v.1.18.5) R packages. For the confusion matrix, three biological 
replicates were randomly selected from each dataset where more than 
three were available to ensure data uniformity. The statistical models 
were trained using data from three fields and tested using data from the 
fourth field, so that the training data and test data were independent. 
Predicted class labels were compared to the actual labels using a 
confusion matrix, which summarized correct classifications (True Posi
tives) and misclassifications (False Positives and False Negatives). From 
this, sensitivity and specificity were calculated for each class to evaluate 
the model’s classification performance. Sensitivity (or True Positive 
Rate) is the proportion of actual positive cases that are correctly iden
tified as positive, whereas specificity assesses the model’s ability to 
correctly exclude other classes—such as avoiding mislabelling 
advanced-stage samples as beginning-stage (Florkowski, 2008). These 
metrics were used to generate ROC curves, where the Y-axis represents 
sensitivity and the X-axis represents specificity.

3. Results

3.1. Field retting dynamics

Retting was monitored for four fields across three different years 
(field A in 2014, fields B and C in 2021, and field D in 2022) and spectral 
colorimetric data were acquired to generate four datasets named A to D 
respectively (Table 1 and Supplementary Table 1). The end of retting 
process was determined by the expertise of farmers, who decided to 
collect the straw from the field after 44 days of retting in 2014 (Field A), 
25 days in 2021 (for Field B and C), and 55 days in 2022 (for Field D). 
During each retting period, temperature and rainfall data were collected 
and then cumulative rainfall and cumulative normalized days ND15 
were calculated (Supplementary Data 3). Cumulative ND15 at retting 
completion reached 55.76 for field A, 32.78 for field B and C, and 105.76 
for field D, while cumulative precipitation totalled 175.4 mm, 141.8 mm 
and 17 mm, respectively (Table 1). Field A (2014) and fields B and C 

(2021) show similarly gradual increases in cumulative ND15 up to the 
end of retting. In contrast, field D (2022) shows a much faster accu
mulation of ND15, becoming clearly distinct from the other fields during 
the retting period. This accumulation continues to increase steeply 
during the additional retting days, 69 and 90 (Supplementary Data 3).

3.2. Clustering analysis of flax stem visible spectral datasets

To examine the colour changes during the flax retting process, a 
spectral database was acquired over a period of three years on four 
different fields (Supplementary Table 1, Supplementary Data 1a). K- 
means clustering was performed on the normalized values of each 
dataset individually (Fig. 2, Supplementary Fig. 5, Supplementary 
Data 4). In datasets A, B, and C, K-means consistently identified four 
distinct clusters (Fig. 2(a), (b) and (c)). In contrast, six clusters were 
identified in dataset D (Fig. 2(d)). In all cases, the clustering forms, 
group of data from specific retting days or combinations of multiple 
days. Nonetheless, in the 2022 dataset (Dataset D), four of the clusters 
were analogous to those observed in the other datasets, while a fifth 
cluster (named cluster 5 on Fig. 2) was uniquely associated with an 
extended retting point (day 90). The sixth cluster (named cluster 6 on 
Fig. 2) comprised data points from various days, which were categorized 
as outliers or atypical values. This can be due to biological heterogeneity 
profoundly seen in case of prolonged retting (unfavourable weather). 
Despite differences in retting years and field locations, the clusters 
reveal consistent patterns of retting across all four datasets, allowing the 
consolidation of the data into four distinct retting stages—beginning, 
early, middle, and advanced— (Table 2). Extra retting points measured 
in 2022 were split between a new cluster (day 90) and advanced stage 
(day 69) (Fig. 2(d)). These extra points will be considered separately 
during future analysis.

3.3. Flax stems colour changes during dew retting within the CIE Lab 
colour space

Visual assessment of flax stems during retting revealed a progressive 

Table 1 
Four data sets metadata.

Datasets Year Cultivar Locations & GPS coordinates Sampling Date Cumulative Days* Cumulative 
Normalized 
Days at 15̊ C

Cumulative Rains (mm)

A 2014 Lorea Martainneville 
50◦00′03′’N, 1◦42′27′’E

24-Jul 1 0 0
29-Jul 6 8.5 17.4
4-Aug 12 17.2 26.9
18-Aug 26 34.7 109.8
25-Aug 33 41 166.6
5-Sep 44 55.7 175.4

B 2021 Evasion Bavinchove 
50◦47′05.5′'N, 2◦27′07.4′'E

23-Jul 1 0 0
26-Jul 4 4.8 83.8
28-Jul 6 7.6 99.4
4-Aug 13 16.9 116
11-Aug 20 25.6 141.6
16-Aug 25 32.7 141.8

C 2021 Evasion Bavinchove 
50◦47′11′’N 

2◦27′1′’E

23-Jul 1 0 0
26-Jul 4 4.8 83.8
28-Jul 6 7.6 99.4
4-Aug 13 16.9 116
9-Aug 18 23.1 139.8
16-Aug 25 32.7 141.8

D 2022 Félice Killem 
50◦57′04.18′'N, 2◦34′55.59′'E

6-Jul 1 0 0.6
18-Jul 13 22.6 0.8
28-Jul 23 42.6 8.2
8-Aug 34 61.8 10.8
18-Aug 44 85.8 16.6
29-Aug 55 105.7 17

**12-Sep 69 129.4 43.4
**3-Oct 90 171.9 202.4

* Cumulative days correspond to the number of days between the uprooting of flax and harvesting of retted straw for scutching.
** Extra retting days correspond to sampling points collected on the field after the farmer harvested the flax straw for scutching.
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colour transition from green-yellow in the early stages to grey in the 
middle stages, and to blue-grey in advanced stages. Over-retted stems 
displayed dark brown to black colouration (Supplementary Fig. 4). We 
quantified these colour changes using the CIE Lab colour system (Sup
plementary Data 5), which is widely used in research and industry. 
Across all four retting data sets collected over three years, the b* values 
exhibited a more than 50 % reduction between the beginning and the 
advanced stages of retting (Fig. 3), following a gradual trend. The a* 
values increased during early retting stages (Beg. to Ear.) and then 
decreased towards the later stages, showing a modest overall variation. 
Changes in L* values were more pronounced in longer retting durations, 
such as in the dataset A (2014) and D (2022), than in shorter durations 
like that of B and C (2021) (Fig. 3). In the extra-retting time points, b* 
and L* values continued to decrease, while a* values increased.

3.4. Multivariate analysis of flax stem visible spectral datasets

To address the complexity of the acquired colour data, in which each 
wavelength acted as a variable with respect to retting time, multivariate 
analyses were conducted. Normalized spectral data were first subjected 
to unsupervised Principal Component Analysis (PCA) for each retting 
dataset individually. The number of principal components (PCs) was 
determined using ‘scree plots’. In all datasets, scree plots (Fig. 4(a), 

Supplementary Fig. 6(a), 7(a), 8(a)) reveal that the first two compo
nents (PC1 and PC2) consistently captured over 90 % of the variability, 
enabling clear visualization and interpretation of spectral differences 
among samples. For instance, in dataset A (44-day retting period), the 
PC1 and PC2 together explained more than 95 % of the variance (Fig. 4
(a)).

Subsequently, supervised Partial Least Squares Discriminant Anal
ysis (PLS-DA) confirmed that X-variate 1 and X-variate 2 effectively 
differentiated the stages of colour change during retting (Fig. 4(b)). In 
dataset A, the beginning stage (day 1) was predominantly explained by 
X-variate 2, accounting for 30 % of the variance. The early (day 6), 
middle (days 12–26), and advanced stages (from day 33 onwards) were 
primarily associated with X-variate 1, which explained 69 % of the 
variance.

Component loading plots (Fig. 4(c)) for X-variates 1 and 2 identified 
specific wavelengths contributing to retting-stage differentiation. Posi
tive and negative loadings reflected correlations between specific 
wavelengths and retting time points. Heatmaps or Clustered Image Maps 
(CIMs) based on X-variates 1 and 2 further resolved distinct spectral 
patterns across stages (Fig. 5). In dataset A, the beginning stage (day 1) 
was characterized by strong positive contributions (>1.6, colour scale) 
from wavelengths in the 510–630 nm range (green, yellow, orange). By 
early stage (day 6), spectral contributions shifted to the 610–700 nm 
range. During the middle stage (days 12–26), contributions across the 
400–700 nm spectrum remained uniformly low. In the advanced stage 
(days 33 and 45), spectral contributions were segmented into three 
distinct blocks: (i) very low (560–660 nm and 690–700 nm; 0 to –3.2), 
(ii) low (670–680 nm; ≥0), and (iii) high (400–530 nm; 0 to + 3.2) on 
the colour scale.

Similar patterns were observed in the remaining datasets. In the 
2021 datasets B and C (25-day retting period), PLS-DA results showed 
that the beginning stage (day 1) was explained by X-variate 2, ac
counting for 23 % (B) and 27 % (C) of the variance, while the early (day 
4), middle (days 6–13 in B, day 6 in C), and advanced (days 20–25 in B, 

Fig. 2. Clustering of retting days by the K-means method (Supplementary Data 4). The representation of clusters based on stem surface colour reflectance during 
retting is illustrated in figures a, b, c, and d, corresponding to the dataset A, B, C, and D, respectively. Tables in each figure part show sample numbers assigned 
to clusters.

Table 2 
Relative retting stages based on the time points grouping.

Datasets Retting time points (days) grouping in stages Extra- 
points

Beginning 
(Beg.)

Early 
(Ear.)

Middle 
(Mid.)

Advanced 
(Adv.)

A 1 6 12, 26 33, 44 −

B 1 4 6, 13 20, 25 −

C 1 4 6 13, 18, 25 −

D 1 13 23, 34 44, 55 69, 90
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day 13, 18–25 in C) stages were associated with X-variate 1, explaining 
74 % (B) and 70 % (C) of the variance (Supplementary Fig. 6(b, c), 7 
(b, c)). CIM analysis of dataset B revealed that the beginning stage (day 
1) exhibited positive values at 520–630 nm and 690–700 nm (green, 
yellow, orange). By day 4, the early stage showed increased contribu
tions at 650–680 nm (red). During the middle stage (days 6–13), spectral 
contributions remained low across the entire 400–700 nm range. In the 
advanced stage (days 20–25), spectral patterns were again divided into 
three blocks: (i) very low (520–640 nm and 690–700 nm; 0 to –2.74), (ii) 
low (650–680 nm; ≥0), and (iii) high (400–510 nm; 0 to + 2.74), cor
responding to violet-blue regions (Supplementary Fig. 6(d)). Similar 
clustering and colour-shift patterns were observed in dataset C (Sup
plementary Fig. 7(d)).

In the 2022, dataset D (55-day retting period), a consistent stage- 
specific colour trend was identified through both PLS-DA and CIM 
analysis (Supplementary Fig. 8). X-variate 1 explained 65 % and X- 
variate 2 explained 33 % of the variance. The beginning stage (day 1) 
showed high positive values in the 520–630 nm and 700 nm range 
(green, yellow, orange). By day 13 (end of early stage), an increase in 
contributions at 640–690 nm was observed. During the middle stage 

(days 23–34), colour values across the spectrum remained consistently 
low. In the advanced stage (days 45–55), typical patterns were observed 
with increased contributions in the 400–510 nm range (violet-blue), 
very low values in the 530–630 nm and 690–700 nm range (0 to –3.23), 
and low contributions in the 650–680 nm range (≥0), thereby recapit
ulating the colour shift trends observed in the previous datasets.

The loading values of the first X-variate (X-variate 1), which accounts 
for 65–74 % of the total covariance across all four datasets, are presented 
in Table 3 along with their corresponding variable weights (Supple
mentary Data 6). The two variables with the highest positive (600, 610 
nm) and the two with the highest negative (480, 490 nm) average 
loading weights were identified.

3.5. Testing of selected wavelengths (480, 490, 600 and 610) for flax 
retting stage prediction

Multivariate classification models were trained using a matrix 
(supplementary data 7), grouping a subset of three fields, which 
enabled it to learn to distinguish between classes (Beg., Ear., Mid., Adv.) 
based on measured input features on selected wavelength variables 

Fig. 3. CIE L*a*b* values of stem surface colour compared between datasets (fields) in relative retting groups and extra retting points (Supplementary Data 5). 
Figure a, b and c represent b*, a* and L* values respectively, where b* indicates blue-yellowness, a* indicates green-redness and L* shows lightness. Retting stages: 
Beg. = beginning, Ear. = early, Mid. = middle, Adv. = advanced. The letters represent statistical significance between days (ANOVA, Tukey’s HSD test, P ≤ 0.05).

S. Mukherjee et al.                                                                                                                                                                                                                              Computers and Electronics in Agriculture 243 (2026) 111407 

6 



(480, 490, 600, and 610) (Szymańska et al., 2012). Each model was then 
tested on the fourth field dataset. In the graph presented in Fig. 6(a), 6 
(d), specificity starts at 1, representing perfect classification with no 
false positives, and decreases toward 0 as the false positives begin to 
occur (Fig. 6(c), Supplementary Fig. 9). The Area Under the Curve 
(AUC) for each ROC plot quantifies the model’s overall ability to 
distinguish between classes.

Training the model using datasets B, C, and D, and testing it on 
dataset A yielded strong AUC-ROC values ranging from 0.97 to 1, 
demonstrating the model’s robustness in distinguishing beginning, 
early, and advanced retting stages (Fig. 6(a), (d)). Similar performance 
was observed when other datasets were used for testing, confirming both 
the model’s consistency and the reproducible nature of retting- 
associated colour changes over different years (Supplementary 
Fig. 9, Supplementary Table 2).

We also build linear classifiers for each of the considered retting 

stages (Supplementary Data 8). Linear classifiers allowed us to calcu
late ratings of the retting stages which were transformed to the retting 
stage probability. The model, which had 13 predictors, correctly clas
sified retting stages like beginning, early, middle and advanced, 86 % of 
the time (Supplementary Data 9). Two variables from thirteen were 
most informative in the classification models: SCI of 490 and 600 nm. 
Bivariable model for four class (beginning, early, middle and advanced) 
classification gave 77 % of right classification on a validation dataset 
(Supplementary Data 9).

3.6. Characterization of over-retting points

The additional retting time points (d69 and d90) from the Dataset D 
samples (retting 2022) were analysed along with the last retting time 
point of the advanced stage (d55) to determine whether extra-retting 
can be distinguished based on colorimetric parameters. PCA showed 

Fig. 4. Multivariate analysis of spectral data of Dataset A (Supplementary Data 1, 2 and 6). (a) Scree Plot of first ten principal components of PCA showing the 
amount of explained variance; (b) dot plot of samples projected into the X-variate space (after PLS-DA), samples are coloured according to the retting stages defined 
in Table 2. X-variate 1 explains 69 %, and X-variate 2 explains 30 % of the variance in the data variables; (c) loading plots of X-variate 1 and 2. Colours indicate the 
retting stages (Beg. = beginning, Ear. = early, Mid. = middle and Adv. = advanced). The scale bar indicates the weight of each variable to the corresponding 
X-variate.
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that the first two components accounted for the majority of the vari
ability in the dataset (Fig. 7 (a)). PLS-DA revealed that X-variate 1 
explained 55 % of the covariance, clearly separating d90 from over
lapping d55 and d69 (Fig. 7(b)). In contrast, X-variate 2, which 
explained 44 % of the covariance, demonstrated potential for separating 
d55 from both d69 and d90. Analysis of loading weights on X-variate 1 
indicated that the 510–590 nm wavelength range (green-yellow) was 
associated with d55 and d69, whereas the 660–700 nm range (red) was 
characteristic of d90 (Fig. 7(c)). For X-variate 2, the 580–620 nm range 
(yellow-orange) was associated with d55, while the 400–470 nm range 
(violet-blue) defined d69.

4. Discussions

4.1. Empirical flax dew-retting and colour changes

Visual observations of the flax retting process done within this study 
was in accordance with what has already been observed in previous 
studies on hemp (Bleuze et al., 2018; Mazian et al., 2019; Bou Orm et al., 
2024). For example, during hemp dew retting, it has been shown that 

stem samples initially present a vivid green colour, which turns bright 
yellow within the first week. By the second week, black spots begin to 
appear, and by the fourth week, the appearance shifts to pale grey with 
additional black spots. Finally, by the sixth week, the stems become dark 
grey with numerous black spots. These colour changes during dew 
retting might result from a mix of biological and chemical processes: 
degradation of plant pigments, oxidation, biodegradation, and microbial 
colonization (Lee and Gould, 2002; Sousa, 2022; Lu et al., 2023). First of 
all, chlorophyll, the pigment that gives plants their green aspect, breaks 
down (releasing the pyrrole rings) as a plant goes into senescence and 
finally dies, causing a noticeable change to yellow, orange, or brown. 
Enzymatic processes and environmental constraints such as UV exposure 
cause oxidation which turns chlorophyll into non-coloured molecules 
and makes other pigments like carotenoids more visible (Hu et al., 2021; 
Sousa, 2022). Some proteins related to protection during UV stress such 
as UvrA or UrvC proteins were revealed in flax retting metaproteome 
(Mukherjee et al., 2024). Retting results from microbial actions and 
could speed up these modifications. The emergence of black spots can be 
linked to microbial activity, as noted in previous hemp studies 
(Jankauskienė and Gruzdevienė, 2013; Bleuze et al., 2018; Bleuze et al., 

Fig. 5. The heatmap of respective PLS-DA loading weights of wave-length variables (Dataset A). Colour scale represents the loading weights of respective variables. 
On the left side of the heatmap, individual samples names are encoded as X.Y.Z.K where X represents Relative groups, Y represents day of sampling, Z represents 
Replicate number, K represents the position of measurement along the flax stem (bottom = 1, middle = 2 and top = 3).

Table 3 
Summary of PLS-DA loading values from X to variate 1 (explaining 65–74% of covariance) for dataset A-D, highlighting wavelengths with the highest and lowest 
average loadings. Full table in Supplementary data 6.

Wavelengths Comp1 Loadings 
Dataset A

Comp1 Loadings 
Dataset B

Comp1 Loadings 
Dataset C

Comp1 Loadings 
Dataset D

Average Loading ± SD

480 − 0.214484427 − 0.2039411 − 0.208338215 − 0.20182853 − 0.207148068 ± 0.005
490 − 0.212426754 − 0.203853267 − 0.208704063 − 0.203982974 − 0.207241764 ± 0.004
…. ​ ​ ​
600 0.194851123 0.210820797 0.213832036 0.24700028 0.216626059 ± 0.02
610 0.206585489 0.209678795 0.206770846 0.244134064 0.216792299 ± 0.018
… ​ ​ ​
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2020). Phenolics could be released when bacteria and fungi break down 
structural elements such as lignin, further oxidizing and darkening the 
surface of the stem (Chowdhary et al., 2021). Reactive oxygen species 
produced during this breakdown add to oxidative browning, which in
tensifies the darkening over time (Hu et al., 2021). Moreover, fungi or 
bacteria might contribute to colour changes by producing pigments, 
such as melanin (Eisenman and Casadevall, 2012). Aspergillus spp. 
known to produce melanin (Suthar et al., 2023) have been identified 
during retting in previous studies of both flax (Fila et al., 2001; Djemiel 
et al., 2020) and hemp (Nykter et al., 2008; Bou Orm et al, 2025). These 
interplaying biological and chemical processes can explain the gradual 
colour change in the stems of retted plants but certainly need to be 
studied in the context of flax retting.

Since visible colour changes result from a series of complex trans
formations of the stem (biological and chemical), simple perception 
cannot capture their full extent. Moreover, as the colour of the stems 
may not be completely uniform, measuring colour changes using a 
spectro-colorimeter may show some variability. However, most devices 
calculate the average colour values over a defined surface area (8 mm 
medium measurement aperture in the case of the CM-23d, Konica 
Minolta), and several measurements are generally necessary- both at 
different points along the stem and across several batches of stems.

4.2. The K-means clusters of spectral datasets define a pattern of retting

Different weather conditions, soil composition and other environ
mental factors such as rainfall, temperature, exposure to sunlight (ra
diations) etc. might affect the biology of the retting process of flax 
(Martin et al., 2013; Djemiel et al., 2017; Chabbert et al., 2020) and 
other fibre plants (Chabbert et al., 2023; Bou Orm et al., 2024). Varia
tions in these parameters were clearly observed across the years and 
fields considered in this study. For example, soil analysis shows a 

notable difference in clay content between field A (15 %) and fields B 
and C (26 to 31 %). This indicates that the 2021 fields might have a 
greater water retention capacity, which could explain the shorter retting 
during observed in fields B and C in 2021 (25 days), as compared to field 
A in 2014 (44 days), with more or less comparable meteorology (Sup
plementary Figs. 1, 2). Carbon content of Field B and C are higher than 
Field A, but the C/N ratio that drives the microbial activity are quite 
similar (Supplementary Fig. 2). Moreover, the overall composition of 
flax stems themself (and particularly C/N ratio), depending mainly on 
culture conditions, might also influence the priming of material degra
dation (Liang et al, 2017). Climate parameters might also explain 
different retting duration and dynamic, which can last four weeks, as in 
2014, or eight weeks, as in 2022 (Table 1). Retting progressed over 
roughly 30 to 60 cumulative ND15 for field A (55.76) and fields B and C 
(32.78), which aligns with the range observed in hemp retting studies by 
Chabbert et al., 2023. By contrast, Field D required 105.76 cumulative 
ND15, well above this suggested range. This might be explained mainly 
by the water deficit received by this field (17 mm of cumulative rains) 
compared to others (175.4 mm in field A and 141.8 mm in fields B and C) 
(Supplementary Fig. 1, Supplementary Data 3). Experts agree on the 
need for water for retting to progress (Martin et al., 2013), and periods 
of low rainfall can greatly delay the process. Cumulative ND15 and 
cumulative rainfall capture the effects of temperature and moisture on 
retting, yet such variability makes direct time-based comparisons across 
multiple years unreliable. Because retting is influenced by both envi
ronmental and biological factors. To address this, we applied K-means 
clustering of stem colour/ spectral data to define relative retting stages. 
This approach is well supported, as colour changes (spectral signatures) 
are widely used proxies for retting progression, and clustering provides a 
recognized method to standardize comparisons across variable condi
tions. Stage-based comparisons are therefore more meaningful than 
absolute time. Initial clustering of the four datasets revealed that, 

Fig. 6. Testing statistical predictive model built with data from datasets B to C, with data from Dataset A. ROC curves with Area under the curve (AUC) score of (a) 
Beg. = beginning retting stage, (b) Ear. = early retting stage, (c) Mid. = middle stage of retting and (d) Adv. = advanced retting stage from dataset A (retting 2014) 
with prediction model trained from pooled data including values from datasets B, C and D (supplementary Data 7 and 10). (AUC score of 1 indicates perfect per
formance of prediction and 0.5 indicates random assignment).
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despite variations in retting duration across different years, the process 
follows a consistent sequence of spectral changes, allowing samples to 
be grouped into common retting stages (beginning, early, middle, and 
advanced). While a direct link between these stages and cumulative 
ND15 is not obvious, we can suggest that retting end point may corre
spond to a cumulative ND15 of roughly between 30 and 60, provided 
cumulative precipitation reaches more than 140 mm or at least about 50 
mm but with prolonged retting duration how it was the case of field D 
(Supplementary Fig. 1). Comparable values of cumulative ND15 and 
precipitation were observed in hemp retting studies (Chabbert et al., 
2023). Nonetheless, the stage distinctions obtained by K-means clus
tering seem to correspond with known enzymatic, microbial, and 
biochemical patterns of dew retting described in previous studies. For 
example, Mukherjee et al, 2024 described the following: beginning/ 
early stages are marked by peroxidase and phenoloxidase activity, 
early/ middle stages by polygalacturonase, middle stages by increased 
activities of xylosidase, galactosidase, cellobiohydrolase, and advanced 

by cellulase and glucosidase.

4.3. CIE Lab evaluation of flax stem colour dynamics during retting

By instrumental measurement, we captured surface light reflectance 
across the visual spectrum and expressed them in the CIE Lab colour 
space. This system uses three values to represent colour, i.e. blue/yellow 
(b*), green/red (a*) and lightness (L*). Colour differences in Lab space 
closely match human perception and ensure consistent representation 
across devices (Fairchild, 2013). The CIE Lab colour space is commonly 
used and measured by industrial spectro-colorimeters. Some of them 
used this approach to characterize and classify already retted extracted 
fibres batches from flax (Akin et al., 2000; Peyrache et al., 2024). Pre
vious studies have already reported the CIE Lab colour space for the 
hemp retting (Bleuze et al., 2018). Other studies have shown the value of 
spectral analysis in assessing physiological processes in plants, such as 
fruit ripening (Merzlyak et al., 2003). Our study observed the a* and b* 

Fig. 7. Multivariate analysis of Dataset D (Supplementary Data 1, 2 and 6) focusing on advanced stages and extra retting points. (a) Scree Plot of first ten principal 
components of PCA showing the amount of explained variance; (b) dot plot of samples projected into the X-variate space (after PLS-DA), samples are coloured 
according to the retting stages defined in Table 2. X-variate 1 explains 55%, and X-variate 2 explains 44% of the variance in the data variables; (c) loading plots of X- 
variate 1 and X-variate 2. Colour indicates the retting points (d55, d69 and d90). The scale bar indicates the weight of each variable to the corresponding X-variate.
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values decreased by over 50 % from the start to the end of retting, 
reflecting a significant shift in colour metrics. This reduction corre
sponds to a shift from green to achromatic grey tones. While the L* value 
exhibited a general downward trend, this pattern varied across the three 
years of samples, reflecting a transition from brightness to darker shades 
(Fig. 3). Obtained data are consistent with prior findings on hemp. CIE 
Lab colour analysis of hemp stems during retting further highlights de
creases of a* (red-green axe) and b* (yellow-blue axe) values by 32.2 % 
and 32.4 %, respectively, approaching zero. Concurrently, the L* value, 
representing lightness, decreases by 18.5 % (Bleuze et al., 2018). The 
CIE Lab values for extra-retted flax samples display the lowest L* value, 
indicating a duller and darker appearance, along with the lowest a* and 
b* values, which further represent this bluish shift. However, CIE Lab is 
not precise enough to detect subtle colour changes because it can show 
significant deviations from actual perception, especially in certain re
gions of colour space (Sharma and Rodríguez-Pardo, 2012; Seymour, 
2022). Multivariate analysis using the full visible spectrum would be a 
more efficient approach to capture these subtle and complex changes, 
and so far, build an infield tool that can monitor the dew retting.

4.4. Multivariate analysis of colour patterns to identify key retting 
wavelengths

Multivariate statistical analyses—particularly PCA and PLS- 
DA—further confirmed these shared progression patterns and led to the 
identification of key wavelength variables that can be used to discrim
inate these stages. This tends to show that, regardless of duration, year, 
or local conditions, retting seems to follow a broadly universal process. 
This has also been shown from a biological point of view during the 
enzymatic characterisation of the process in the course of other studies 
in flax (Chabbert et al., 2020; Mukherjee et al., 2024).

In our study, PLS-DA proved especially valuable as both a feature 
selector and a classifier, enabling effective differentiation of retting 
stages based on spectral data. This approach has been firstly applied to 
Raman spectral data in stressed flax (Blervacq et al., 2023), or FT-IR 
spectral data during flax dew retting (Mukherjee et al., 2025). 
Although limitations have been noted when class separation relies on 
complex linear or nonlinear relationships (Ruiz-Perez et al., 2020), PLS- 
DA performs robustly in scenarios like ours where classes exhibit clear 
clustering based on spectral features. The continuous and collinear 
structure of spectral data makes linear methods such as PCA and su
pervised PLS-DA particularly suitable, as they reduce noise, handle 
collinearity, and extract interpretable components for regression, clas
sification, and biomarker discovery (Gu et al., 2011). Thus, PLS-DA was 
preferred to other non-linear methods like t-SNE and UMAP. The latter 
are better suited for datasets such as omics data, where capturing local 
neighbourhood structures and revealing subtle subpopulations is the 
primary objective (Xia et al., 2024; Jeon et al., 2025). In the context of 
retting, PLS-DA loadings revealed a reproducible shift in dominant 
wavelength contributions over time. Initially, spectral variables be
tween 520–630 nm were most influential, indicating a green-yellow to 
orange colouration characteristic of freshly harvested flax stems. This 
was followed by increased contributions from the 650–680 nm range, 
suggesting an orange-red transition as retting progressed. In later stages, 
a marked shift occurred: variables in the 400–510 nm range gained 
prominence, corresponding to a violet-blue hue, while contributions 
from the red region (650–680 nm) diminished, and the initial green- 
yellow-orange tones were no longer present (Fig. 5, Supplementary 
Fig. 6(d), 7(d), 8(d)).

More specifically, analysis of the first latent variable (X-variate 1) 
across all datasets revealed a consistent trend: reflectance values at 480 
and 490 nm increased, while values at 600 and 610 nm decreased from 
the beginning to the advanced stages of retting. This spectral evolution 
suggests a progressive colour shift from orange to blue on the stem 
surface, which corresponds well with the visual changes we observed on 
the field during retting (Supplementary Fig. 4).

To evaluate whether a reduced set of wavelengths could suffice for 
stage discrimination, we tested classification performance using selected 
spectral bands (e.g., 480, 490, 600, 610 nm) via confusion matrix 
analysis and ROC AUC curves (Fig. 6, Supplementary Fig. 9). Results 
from these metrics confirmed that a reduced subset of wavelengths is 
indeed capable of distinguishing between retting stages with high ac
curacy, demonstrating the feasibility of simplified, targeted spectral 
monitoring for process control.

Since absorbance values at wavelengths only 10 nm apart (e.g., 
480–490 nm and 600–610 nm) may be correlated, there could be a risk 
of overfitting when training the model. However, a bivariable model 
using only 490 nm and 600 nm absorbance achieved comparable clas
sification accuracies—66.7 % for the beginning stage, 77.8 % for the 
early stage, 78.6 % for the middle stage, and 80.0 % for the advanced 
stage—on the validation dataset (calculated according to Supplemen
tary. Data 9). Comparable model performance implies that overfitting is 
unlikely with four variables, which are preferred to avoid losing critical 
information for accurately monitoring retting.

Taken together, these findings underscore the advantage of full- 
spectrum multivariate analysis over traditional colour spaces such as 
CIE Lab and highlight its potential to select wavelength for monitoring 
in real-time and in a non-invasive way the retting progression. As a next 
step towards optimization, it will be essential to assess instrumental in- 
field colour perception under different weather conditions and evaluate 
the robustness of the model developed from laboratory-obtained data. 
Additionally, exploring wavelengths beyond the visible range such as 
ultraviolet or near-infrared regions to capture deeper chemical and 
structural changes, as seen in case of Salix clones’ chemical properties 
(Bouaziz et al., 2025), which might be a way to add other markers in the 
model, such as biological (Mukherjee et al., 2024) or chemical (Chabbert 
et al., 2020; Mukherjee et al., 2025).

4.5. Discrimination of under or over dew-retting point

The advanced retting stage corresponds to the endpoint set by 
experienced farmers' field observations. What happens after this optimal 
point (over-retting) is unclear, so dataset D adds two later samplings 
(days 69 and 90, beyond the day-55 endpoint) to track surface colour 
changes during extended retting.

PLS-DA analysis demonstrated that the first latent variable (X1) 
effectively separated day 90 from days 55 and 69 (Fig. 7). Day 90 
exhibited high loading contributions in the 660–700 nm range, indica
tive of a red-shifted surface colour, whereas both day 55 and day 69 
showed dominant contributions in the 510–590 nm region, corre
sponding to green-yellow hues. This spectral distinction suggests that 
day 90 represents a more advanced stage of retting compared to the 
earlier time points.

Furthermore, the second latent variable (X2) provided additional 
resolution, revealing that day 55 was primarily associated with wave
lengths between 580–620 nm (yellow-green), while day 69 shifted to
ward the 400–460 nm range, characteristic of violet-blue tones. This 
shift implies continued colour transformation beyond the convention
ally defined endpoint, highlighting that retting may still be progressing 
chemically and visually. By the time flax was harvested from the field in 
2022 (dataset D), the degree of retting might not be optimal, but the 
organizational conditions of agricultural work imposed a limitation on 
the duration of this process (personal communication from farmers). It 
can be assumed that due to the low cumulative precipitation, the 
physical and chemical components of the flax retting process prevailed 
over the biological ones for a long time. We assume, because of the 
actual lack of water at the beginning stage of retting, a microbial com
munity might not develop as fast as in field A, B and C, and enzymatic 
reactions might be slowed down. This greatly increased the duration of 
retting in the field D, and the day 69 samples which were collected after 
the official end of the retting process, demonstrated the continuing dy
namics of the process. Meanwhile, the day 90 samples showed 
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differences in spectral characteristics and were over-retted samples.

5. Conclusions

In this study, we explored the evolution of flax stem surface colour 
during dew retting by acquiring visible spectral reflectance, which is an 
objective measurement of colour changes. Using a portable commercial 
spectrophotometer, we successfully recorded colour changes both in CIE 
Lab space colour and visible spectra from 400 to 700 nm, in three 
different retting years (involving four flax fields). Due to the develop
ment of an original multivariate statistical pipeline based on unsuper
vised (PCA) and supervised (PLSDA) methods, we identified four 
wavelengths (480, 490, 600, and 610 nm) as reliable markers of retting 
progression observed in four independent retting process. Based on 
these wavelengths, a statistical model was built and showed efficiency to 
predict the retting stage with a high degree of confidence. This work has 
proved the concept that, by using a simple measurement that can be 
easily automated and implemented by the use of drones and tuning them 
to measure colour from a distance, it is possible to monitor the progress 
of retting reliably. Further future in situ retting studies will help 
generate data to enhance the model’s reliability and field applicability. 
Potentially, this approach could be applied to other crop species that 
require field retting for their processing (e.g., hemp). This opens the door 
to the development of digital tools which, coupled with artificial intel
ligence (and other retting markers), will help farmers to determine the 
best time to stop retting, thereby increasing fibre quality, yield, and 
batch homogeneity and thus bring flax growing into the era of Agri
culture 4.0.
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