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ABSTRACT: Visualization of acetic anhydride flow and its heterogeneity
within the wood block necessitates the development of a reliable and robust
analytical method. Hyperspectral imaging has the potential to acquire a
continuous spectrum of chemical analytes at different spectral channels in
terms of pixels. The large set of chemical data (3-dimensional) can be
expanded into relevant information in a multivariate fashion. We quantified
gradients in acetylation degree over cross sections of Scots pine sapwood
caused by a one-sided flow of acetic anhydride into wood blocks using near-
infrared hyperspectral imaging. A principal component analysis (PCA)
model was used to decompose the high-dimensional data into orthogonal
components. Moreover, a partial least-squares (PLS) hyperspectral image
regression model was developed to quantify heterogeneity in acetylation degree that was affected by the flow of acetic anhydride
through wood blocks and into the tracheid cell walls. The model was validated and optimized with an external test data set and a
prediction map using the root-mean-squared error of an individual predicted pixel. The model performance parameters are well
suited, and prediction of the acetylation degree at the image level was complemented with confocal Raman imaging of selected areas
on the microlevel. NIR image regression showed that the acetylation degree was determined not only by the time-dependent flow of
the acetic anhydride through the wood macropores but also by the diffusion of the anhydride into the wood cell walls. Thereby, thin-
walled earlywood sections were acetylated faster than the thick-walled latewood sections. Our results demonstrate the suitability of
near-infrared imaging as a tool for quality control and process optimization at the industrial scale.
KEYWORDS: acetylation, hyperspectral imaging, confocal Raman imaging, partial least-squares regression, surface modification

1. INTRODUCTION
Hyperspectral imaging is a fast, nondestructive, and leading-
edge analytical technology, which couples the traditional digital
imaging and spectroscopic methods in a single system. The
system generates images in a three-dimensional (3D) structure
referred to as a hypercube, which comprises a set of pixels in a
plane and corresponding spectral chemical information in the
third dimension.1 Each pixel is a unique piece of information
but spatially correlated with other pixels in a way that
respective information depends on the information on the
surrounding pixels. Spatial resolution is the information on the
physical area of a surface captured by all the pixels in the form
of a data hypercube.2,3 The accurate analysis of hypercube
information, which contains a 3D data structure, can be used
to estimate reliable physical and chemical characteristics of the
objects.3,4 Out of many practical applications of hyperspectral
imaging coupled with near-infrared spectroscopy in the fields
of food, petrochemicals, agriculture, polymers, and textiles, it
has been encompassed in wood sciences to practically predict
the wooden anatomical features, chemical composition,
mechanical properties, wood modification, moisture content,
and degradation.5−8 The major reason for the expansion of
hyperspectral imaging is its integration with data mining to

extract the useful information from the hypercube in a
multivariate way. Combining data mining with chemometrics
can decompose high dimensional big data and reduce the
heavy computational load. Chemometrics are a set of
mathematical, statistical, and data analysis methods which
segregate the important useful chemical information objects
from the unrelated collection of information.9 Models based
on supervised and unsupervised approaches can be developed
to calculate the precise concentration of several wood
compounds and transform into images. The careful imple-
mentation of chemometric methods can enhance the real-time
applications of in-line or online visual inspection and
monitoring in the wood industry.10

Natural wood is a complex and hierarchical structured
biomaterial comprised of an interconnected network of
cellulose, hemicellulose, and lignin as well as traces of
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horizontal field of view at 80 mm with a spatial interval of
0.25 mm per pixel. The light source (PDL-T-500AV-VAD;
Sumitomo Electric Industries, Ltd) used to obtain NIR hyper-
spectral images was a tube-shaped quartz, illuminated by two
150 W halogen lamps from both sides. Each sample was posi-
tioned on the moving slider and scanned line by line. The
frame rate was set to 200 Hz. The dark reference (D) was
acquired by recording the signal with the lens shutter closed.

A white plate (W) surface was scanned at the same position as
the measured wood samples. The relative diffuse reflectance
values (R) were determined using eqn (1):

Ri ¼
Sλ;i " Dλ;i

Wλ;i " Dλ;i
ð1Þ

where i is pixel index, i.e., i = 1…n, and n is the total number of
pixels. Sλ,i is the light intensity of the sample at wavelength λ
and pixel index i.

The reflectance images (spatial direction: 8 × 4 cm) were
divided into eight grid patches (2 × 2 cm), of which 50% (480
patches), 25% (240 patches) and 25% (240 patches) were
assigned to training subset, validation subset, and testing
subset, respectively. Since we are dealing with textures, the

Fig. 1 Structure of neural network used for deep learning analysis.

Fig. 2 (a) Averaged NIR spectra collected from 120 wood samples
(training subset). (b) SNV spectral pretreatment eliminated the baseline
shift. Spectral absorption was observed at C–H (1726, 1788–1791 nm)
and O–H (1476, 1916–1942, 2110 nm).

Paper Analyst

6440 | Analyst, 2019, 144, 6438–6446 This journal is © The Royal Society of Chemistry 2019were refolded into images. The respective loading vectors were
interpreted, and percentage variance was calculated.

3. RESULTS AND DISCUSSION
Reaction Kinetics and Weight Percentage Gain. The

reaction kinetics of acetylation were initially measured based
on the weight percentage gain (WPG) of each sample. A
reaction temperature of 120 °C was used to initiate a rapid
reaction of the acetic acid anhydride with accessible OH
groups in wood. Figure 2(a) shows the gravimetric measure of
weight percentage gain against time. An increase in WPG of
4% was already achieved after soaking the wooden blocks in
acetic acid anhydride for less than 3 h. Longer soaking time
further increased the WPG, but at a lower rate. Thus, the WPG
did not exceed 12% even after soaking in acetic anhydride for

288 h. An exponential curve fit explained the course of the
WPG over time reasonably well, except for an outlier at 72 h.
However, the gravimetrically determined WPG is an average of
the acetylation degree across the entire sample and is
insensitive to the heterogeneity within the samples that was
intentionally created by the one-sided soaking in acetic acid
anhydride.

Hyperspectral Imaging and PCA. PCA was used to
remove background and unnecessary pixels from the image
mosaic. Wavelengths outside the range of 1000−2500 nm were
discarded as they contained noise. The two principal
components which explained 81% of the variation were chosen
from the cleaned-up image. The third principal component
explained about 2% of the variation and mainly consisted of
noise and unnecessary information (Supporting Information

Figure 3. (a) SNV preprocessed spectra of calibration and validation set separated by WPG (%). (b) Mean-centered preprocessed spectra. (c)
Root mean square error plotted against the latent variables. (d) Predicted vs observed WPGs based on the final PLS model, where the 45° is a
fitting line.
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La µscopie FTIR, RAMAN, CARS forment un ensemble de technologies basées sur l’utilisation d’une lumière 
susceptible de faire vibrer des liaisons chimiques intra ou intermoléculaires. Elles sont partiellement 
complémentaires (cf règles de sélection définissant les modes vibrationnels actifs/inactifs pour chaque modalité). 

TYPE DE µSCOPIE ACRONYME SIGNAL MESURÉ INFORMATION

CONFOCALE
LCSM (laser confocal scanning 
microscopy) Fluorescence Structurelle et/ou fonctionnelle (présence de 

molécules fluorescentes endogènes ou exogènes)

MULTIPHOTONIQUE SHG (second harmonic generation) Lumière à la fréquence double de 
l’excitation

Structurelle (présence de molécules non 
centrosymétriques telles que collagène, 
actomyosine, tubuline)

MICRO(SPECTRO)SCOPIE RAMAN 
COHÉRENTE

CARS (coherent anti-Stokes Raman 
scattering) Vibrationnel

Chimique => structurelle et/ou fonctionnelle 
(caractérisation de la composition moléculaire)

MICRO(SPECTRO)SCOPIE 
INFRAROUGE À TRANSFORMÉE DE 
FOURIER

FTIR (Fourier-transform infrared 
spectroscopy)

Vibrationnel Chimique => structurelle et/ou fonctionnelle 
(caractérisation de la composition moléculaire)



µCOPIE CONFOCALE EN MODE SPECTRAL

L’imagerie spectrale combinée au démixage 
linéaire permet de séparer les informations 
spectrales recueillies sur un échantillon biologique 
en images individuelles pour chaque fluorophore 
(même dans le cas de chevauchement de spectres 
de fluorescence). Grâce à cette technique, nous 
avons pu isoler deux pics caractéristiques de 
l’autofluorescence de la lignine (et des métabolites 

spécialisés) : un dont le λmax se situe aux alentours 
de 475 nm, l’autre aux alentours de 500 nm
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3.3.2 Analyses en microscopie du bois de douglas 

3.3.2.1 Composition en lignine 

La microscopie confocale à fluorescence a été utilisée en mode spectral afin de caractériser la 

structure et la composition de la TZ chez le douglas avec ou sans immunomarquage. 

L’imagerie spectrale combinée au démixage linéaire permet de séparer les informations 

spectrales recueillies sur un échantillon biologique en images individuelles pour chaque 

fluorophore (même dans le cas de chevauchement de spectres de fluorescence). Grâce à cette 

technique, nous avons pu isoler deux spectres caractéristiques de l’autofluorescence de la 

lignine (et des métabolites spécialisés) : un dont le λmax se situe aux alentours de 475 nm, 

l’autre aux alentours de 500 nm (Figure 59).  

 

Figure 59 : Spectres d’émission de la lignine (en vert et bleu) après excitation à 405 nm 
et spectre d’émission de l’Alexa 647 (en rouge) après excitation à 633 nm. 

Les images de la répartition de la lignine au sein du bois de douglas ont été reconstruites en 

utilisant les deux spectres caractéristiques de l’autofluorescence de la lignine isolés 

précédemment (Figure 60). Les molécules de lignines caractérisées par le spectre dont le λmax 

Spectres d’émission de la lignine (en vert et bleu) après 
excitation à 405 nm et spectre d’émission de l’Alexa 647 (en 

rouge) après excitation à 633 nm



Observation en microscopie confocale de l’autofluorescence de la lignine du bois après excitation à 405 nm. 
P, parenchyme ligneux; T, tracheide
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se situe à 475 nm (spectre bleu) sont réparties au niveau de la lamelle moyenne, de la paroi 

primaire et de la paroi secondaire des trachéides et au niveau de la paroi des cellules 

parenchymateuses. Tandis que celles caractérisées par le spectre dont le λmax se situe à 500 

nm (spectre vert) se trouvent au niveau de la paroi secondaire des trachéides, sur la face 

interne de la paroi des cellules parenchymateuses et au niveau des ponctuations. 

 

 

Figure 60 : Observation en microscopie confocale de l’autofluorescence de la lignine du 
bois après excitation à 405 nm (A : bois final, zone de transition ; B : bois initial, zone de 
transition).  

Afin d’identifier la structure chimique des polymères responsables de cette modification des 

propriétés de fluorescence du bois, des analyses en microspectroscopie IR ont été réalisées 

(Figure 61). Toute comme la microscopie à fluorescence, la cartographie IR montre des 

variations au niveau de la composition chimique du bois entre la lamelle moyenne et la paroi 

secondaire des trachéides. Les deux spectres isolés de ces deux zones différentes de la paroi 

présentent une allure générale similaire (Figure 61). Cependant quelques différences 

d’intensité et de décalage de bandes d’absorption sont observées entre les deux (lignes 

pointillées).  
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Absorbance (cm-1)

Position de la 
bande (cm-1)

Attribution
3350 / 3335 0H (Lignines et polysaccharides)

2925 / 2895 CH2 et CH aliphatiques (Lignines et polysaccharides)

1725 / 1715 C=0 esters et/ou acides (Polysaccharides)

1645 C=0 (aldéhydes sur cycle aromatique, lignines?)

1455-1600 C=C (Lignines)

1369-1425 CH (Lignines et polysaccharides)

1368 CH (Lignines et polysaccharides), OH phénolique 
(Lignines)

1260 OCH3 sur cycle aromatique et C=C (Lignines)

1100 C-O (alcool secondaire)

1040 C-O (alcool primaire)

1028 C-O-C (Lignines et polysaccharides)

NOIR, bandes spécifiques 
au spectre noir;  

 ROUGE, bandes 
spécifiques  au spectre 

rouge,  
BLEU, bandes communes 



TAXIFOLINE DU DOUGLAS

SPECTRES RAMAN CORRIGÉ & M-CARS DE TAXIFOLINE

Temps d’exposition : 200 ms !

Temps d’exposition court 

Utilisation d’une seule source laser 

Spectre ultralarge bande comparable à spectre Raman



MICROSCOPIE CARS, BRUTE
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Cartographie 96x73, 6789 spectres CARS 
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 (Un canal correspond à un mode vibratoire)
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MICROSCOPIE CARS, AVEC TRAITEMENT
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Extraction de n spectres « pur » par analyse statistique 
 (MCR, multivatiate curve resolution)
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Analyse CARS du duramen de Douglas

Identification des spectres correspondant aux canaux précédents 
Reconstitution des images associées 
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Analyse CARS du duramen de Douglas
MICROSCOPIE CARS SANS ET AVEC TRAITEMENT
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CONFOCALE versus CARS, DURAMEN
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Le CARS confirme la présence du 
marquage avec les AC LM21

Présence de mannane au 
bord de la couche S3 des 

trachéides

λmax (475, 500, 667 nm)λmax 667 nm



µSCOPIE OPTIQUE SHG



40 µm

40 µm

40 µm

40 µm



Construction d’un démonstrateur en partenariat avec Leukos et 
AlphaNov 

Mise en place d’un réseau d’analyse d’image du bois via le GDR 
Sciences du bois 

Lise en place sur Limoges d’une plateforme d’imagerie CARS à 
haut débit



RECHERCHE        APPLICATIONS

Recherche -Durabilité 

Quelles sont les autres applications possibles ? 

Quelles sont les questions sur la qualité du bois ?



CL de Douglas, biphoton

CL de Douglas, CARS

CL de Douglas, SHG Limoges, Cessna 172





µSCOPIE CONFOCALE AVEC MARQUAGE



µCOPIE CONFOCALE IMMUNOMARQUÉE

Spectres d’émission de la lignine (en vert et bleu) après excitation à 405 nm et spectre 
d’émission de l’Alexa 647 (en rouge) après excitation à 633 nm. 
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Xyloglucane de type XXLG, LM25
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Xylane substitué, LM11
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