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Introduction

The different analysis techniques used to
investigate wood quality (physical, me-
chanical, chemical, and anatomical proper-
ties) usually require large amounts of time
and substantial investment. Recently, near
infrared (NIR) spectroscopy has been
shown as an increasingly promising tool for
evaluating wood quality (Hein et al. 2016,
2017, Costa et al. 2018, 2019, 2024, Ramalho
etal.2018).

NIR spectroscopy is based on electro-

Determining the wood properties is fundamental because these properties are
directly related to wood quality. The near-infrared (NIR) spectroscopy tech-
nique has been used to determine various properties of wood. However, even
with promising results, NIR spectroscopy needs to be further investigated to
evaluate the robustness of its estimates. The objective of this study was to de-
velop regression models from NIR spectra to estimate the basic density and the
extractive and lignin contents of wood as well as to verify their robustness
through independent and cross-validation. NIR spectra were initially obtained
through an integration sphere and optical fiber for the transverse and radial
faces of solid wood and through an integration sphere for powdered wood. The
wood basic density and the extractive and lignin contents were determined by
conventional methods in 180 and 143 specimens, respectively. The samples
were collected from Eucalyptus urophylla x Eucalyptus grandis clones aged 5
years. The basic density and extractive and lignin content values were corre-
lated with the NIR spectra by a partial least squares regression. The best mod-
els for estimating the basic density of the wood were generated from the spec-
tra obtained on the transverse surface, both with the integration sphere path-
way and in the optical fiber pathway. For estimating the chemical properties
of wood, the best models were developed from the powdered wood via the in-
tegration sphere for assessing the extractive content, Klason lignin, acid-solu-
ble lignin content and total lignin. In all the models, the mathematical treat-
ment of the data by the first derivative was essential for better fitting the
models and reducing the error. We concluded that NIR spectroscopy was effec-
tive for the estimation of basic density and extractive and lignin contents of
wood.
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magnetic radiation that extends in the
wavelength range from 750 nm to 2,500
nm or from 13,300 to 4,000 cm™. It is also
based on vibrational spectroscopy, which
measures the interaction between light
and material (Pasquini 2018). With the aid
of multivariate statistics and computer sys-
tems, NIRS can be used to perform quanti-
tative analyses and qualitative applications,
such as the classification of wood and
other biological materials (Tsuchikawa &
Kobori 2015). To extract information using
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this technique, calibrations have been de-
veloped that relate the NIR spectra of a
large number of samples of a material,
such as wood, and the property being stud-
ied, such as cellulose yield or content
(Downes et al. 2012).

NIR spectroscopy is a fast and nonde-
structive technique with a measurement
time of approximately 1 minute or less, and
is applicable to any biological material, re-
quiring little or no sample preparation
(Pasquini 2003). However, NIRS is sensitive
to the moisture conditions of the sample.
Fresh wood, bark, fruits, seeds, and leaves
may have high moisture levels, and the NIR
spectra are very sensitive between 1400
and 1900 nm, where the main hydroxyl ab-
sorption peaks occur. In addition, portable
NIR equipment capable of recording spec-
tra with low noise and low sensitivity to
temperature and humidity, as well as other
common sources of variation in the forest
environments, is needed (Hein et al. 2017).

NIR spectroscopy has already been satis-
factorily used in studies of wood proper-
ties (Downes et al. 2011, Zhou et al. 2016,
Costa et al. 2018, 2019, Hodge et al. 2018,
Castro et al. 2019) and is a promising tool
for determining information about wood
quality and its control. During wood forma-
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tion, internal and external factors lead to
variations in the type, number, size, shape,
physical structure, and chemical composi-
tion of wood elements. According to Lar-
son (1969), wood quality is the classifica-
tion of these variations in the elements
when they are counted, measured,
weighed, analyzed, or evaluated for a spe-
cific purpose.

Many studies are reported in the litera-
ture presenting NIR-based calibrations de-
veloped in order to predict wood density
and its chemical composition. Regarding
models for estimating chemical properties,
part of the models have been developed
using as reference values that represent a
composite sample (Bailleres et al. 2002,
Zhou et al. 2016, Hodge et al. 2018, Liang et
al. 2020). In other words, discs or wedges
are converted into powder, without dis-
tinction of region within the wood, and the
whole (grounded) wedge is considered in
modeling. In this study, we assumed that
the model would perform better if the ref-
erence analyses were carried out consider-
ing the radial variation of the analyzed
property instead of using a sample com-
posed of dust from all regions of the disk.

The objective of this study was to de-
velop multivariate predictive models for es-
timating the basic density and extractive
and lignin contents of wood considering
the radial variation of properties. To this
purpose, the wedges were subdivided into
3 parts (pith, intermediate and sapwood)
and the wood from each region was con-
verted into powder separately and submit-
ted to chemical analysis, thereby consider-
ing the radial variation. The wood chemical
composition and radial variations of den-
sity, lignin and extractive content (EXT) of
Eucalyptus trees were previously present-
ed in Pimenta et al. (2023). In the present
study, NIR spectra were recorded in wood

dust from each region and the predictive
model took into account the radial varia-
tion that occurred in the wood discs.

Materials and methods

Origin of the material and sampling

The trees used in the study were clones
of Eucalyptus urophylla x E. grandis hybrids
from the experimental planting of a cellu-
lose pulp company located in the munici-
pality of Itamarandiba, MG, Brazil (17° 51 S,
42° 51" W; altitude: 910 m asl). The average
annual rainfall of the region is 1000 mm,
with the soil classified as Yellow Latosol
(IBGE 2019).

In the experimental area, four different
clones (A, B, C, and D) were planted in four
spacing arrangements (3 x 1m, 3 x2m, 3 x
3 m, and 3 x 4 m). The mean diameter of
the trees within the experimental plots
was determined based on forest inventory
data, and this mean value was used in se-
lecting the collected trees. The sampling
consisted of cutting three trees in each
planting spacing arrangement for each
clone at the age of 5 years, totaling 48
trees. Transverse discs approximately 3 cm
thick were collected at the diameter at
breast height (DBH) of each tree, totaling
48 discs, which were used for the chemical
characterization and density analyses. The
sampling scheme adopted is shown in Fig.
1. The wood of these trees was previously
studied by Pimenta et al. (2023), who inves-
tigated how planting spacing and the ge-
netic material (clone) affect the radial vari-
ation of basic density and chemical compo-
sition of wood.

Sample preparation

To determine the basic density, 180 speci-
mens with dimensions of 2 x 2 x 2 cm were
taken from the DBH discs of the 48 se-
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Fig. 1 - Sampling scheme of Eucalyptus urophylla x Eucalyptus grandis trees. (a) Loca-
tion of the experimental area; (b) sampling of three trees at each planting spacing for
each clone; (c) disc cutting of each tree; (d) dividing the disks into two opposite
wedges, polishing the radial and transverse surfaces, and acquiring the spectra; and
(e) preparation of the specimens for (1) density determination and (2) chemical char-

acterization.
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lected trees; those with the presence of
defects, such as cracks and knots or any
other type of defect that compromised the
use of material for the study were dis-
carded. The transverse and radial faces of
specimens were sanded before spectral ac-
quisition. Specimens were selected from
the pith, sapwood and intermediate re-
gions. To determine the chemical composi-
tion (lignin and extractives), the other half
of the same DBH discs of the 48 trees sam-
pled were also divided into pith, sapwood
and intermediate regions, totaling 143 sam-
ples. These samples were ground and the
produced powder was used for spectral ac-
quisition and chemical analysis (Fig. 1, Fig.
2).

After cutting, the samples were kept in a
climate-controlled room (temperature at
approximately 20 * 1 °C and a relative hu-
midity of approximately 60 * 2%). Under
these conditions, the moisture content of
the wood samples stabilized at approxi-
mately 12%.

Determination of wood properties

The basic density was determined using
the immersion method according to NBR
11941 (ABNT 2003). The samples taken
from the wedges of each tree were re-
duced to chips and subsequently trans-
formed into sawdust in a Wiley mill, and
the sawdust that passed through the 40
mesh sieve was retained in the 60 mesh
sieve and selected for analysis. From the
sawdust, extractives were determined in
ethanol-toluene according to the ASTM
D1107-96 standard (ASTM 2013). The deter-
mination of insoluble lignin was performed
according to the Klason method, modified
as proposed by Gomide & Demuner (1986),
which was derived from the TAPPI T 224
om-88 standard and soluble lignin, and de-
termined by spectrometry, according to
Goldschimid (1971). The total lignin (TL)
content consisted of the sum of the two
values.

Acquisition of spectra in the NIR

The acquisition of the spectra from the
180 solid specimens and 143 powdered
samples was performed in diffuse reflec-
tion mode in a Bruker spectrometer Model
Vector 22/N (Bruker Optik GmbH, Ettlingen,
Germany) together with OPUS software
ver. 7.0. The equipment consisted of acqui-
sition pathways: integration sphere and op-
tical fiber. Both were used to perform the
spectral analysis of the wood samples.

The acquisition of the spectra occurred in
the NIR between 12,500 and 3,600 cm”
(800 to 2,780 nm), with a spectral resolu-
tion of 8 cm™ (a spectrum is composed of
1,125 absorbance values) and 32 specimen
readings. As a reference, a base with a
gold-plated surface was used to calibrate
the absorption of NIR light. Before obtain-
ing the spectra, the room where the spec-
trometer was located was fully acclima-
tized to stabilize the humidity, with a tem-
perature of approximately 20 °C and a rela-
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tive humidity of approximately 60%.

The spectra were obtained for the 180
specimens made to predict the density in
the radial and transverse faces via optical
fiber (Fig. 3a) and in the transverse face via
the integration sphere (Fig. 3b). The 143
powdered samples were analyzed using
the integration sphere (Fig. 3c).

Multivariate analysis of the data

The Unscrambler® software (ver. 9.7) was
used for multivariate analysis of the data.
Principal component analysis (PCAs) were
performed to explore the data and evalu-
ate their dependence through the clusters.
The models were fitted by the partial least
squares regression (PLS-R) method, which
related the dataset obtained from the NIR
spectra and the analyzed properties. The
number of principal components and the
number of latent variables (LVs) were cho-
sen by the software based on both the
minimization of the standard error and the
maximization of the coefficient of determi-
nation (R?) of the validation.

The calibrations were performed from
the original spectra and the spectra were
treated mathematically by the first deriva-
tives (13-point filter and a second-order
polynomial) using the Savitzky & Golay
(1964) algorithm and Standard Normal
Variate (SNV) transformations. These treat-
ment were performed to exclude noise
and improve the quality of the calibration
signal. For the PLS-R, 180 samples were
used to obtain the basic density models,
and 143 samples were used for the extrac-
tive and lignin content models. Model cali-
brations were validated by the method of
complete cross-validation (leave-one-out)
and external validation (test set). The
cross-validation was performed by the ran-
dom method from ten segments. In this
type of validation, each calibration sample
is taken individually; then, the model is con-
structed, the retained sample is estimated,
and it is repeated for all samples. The ex-
ternal validation was based on two data-
sets, using 70% of the samples for the cali-
bration set and 30% of the samples for the
validation set (randomly selected).

The outliers were identified and excluded
during the adjustment of the models to im-
prove the quality of the calibration; no
more than 5% of all the data were ex-
cluded. The criteria adopted to choose the

Fig. 3 - Measurement of
wood samples on Fourier
transform NIR spectropho-
tometer. (a) Solid wood
specimens via optical fiber
and (b) via integration
sphere, and (c) powdered
wood samples via integra-
tion sphere.
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Fig. 2 - Sample preparation for the physical and chemical analyses of the reference:
(a) cut the discs into two opposite wedges; (b) prepare the prismatic specimens to
determine the basic density of the wood; (c) divide the radial regions for chemical
characterization; (d) manual coking of the samples; (e) chips separated by the radial
position along the disc; and (f) powdered samples obtained by grinding.

best prediction models were the R? of the
cross-validation model (R2cv), the number
of LVs used in the calibration and the root-
mean-square error (RMSE) of the cross-val-
idation (RMSECV).

According to Costa et al. (2018), the
RMSE measures the efficiency of the cali-
bration model to predict the variable of in-
terest in many unknown samples, while the
ratio of performance to deviation (RPD),
i.e., the ratio between the standard devia-
tion of the reference values and RMSE, was
calculated to assess the accuracy of the cal-
ibration. Calibrations with RPD values be-
tween 2 and 3 indicate that the predictions
are approximate, and values between 3
and 5 indicate that the calibration is satis-
factory for the predictions (Williams & Sob-
ering 1993).

Results and discussion

Physical and chemical analyses of the
wood from the calibration set

The Eucalyptus samples had an average
basic density of 462 kg m3, ranging from
365 to 578 kg m3. The coefficient of varia-
tion was 8.34%. The basic density values
shown in Tab. 1 are compatible with those
obtained in several studies on Eucalyptus
wood (Souza et al. 2017, Ferraz et al. 2020,
Couto et al. 2022, Soro et al. 2022). Tab. 1
also shows the mean, minimum, and maxi-
mum values obtained from the physical
and chemical analyses of wood in the cali-
bration set, in addition to the coefficients
of variation (CVs).

The Klason lignin (KL) content varied sig-
nificantly, ranging from 20.28% to 24.58%.
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Tab. 1 - Summary of the physical and chemical analyses of the wood from the calibra-
tion lot. (CV): coefficient of variation; (n): number of samples.

Stats Basic density 'Kla_son Ac_id §oluble ) Tgtal Extractives
(kg m3) lignin (%) lignin (%) lignin (%) (%)

Average 462 22.38 4.91 27.27 6.34
Minimum 364 20.28 3.85 24.92 0.75
Maximum 577 24.58 6.75 29.22 18.58
CV (%) 8.34 4.09 11.84 3.40 60.57
n 144 144 144 144 144
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Fig. 4 - Mean diffuse reflection spectra obtained from the samples of solid wood and
wood powder; (a) original data and (b) data treated by the first derivative for basic

wood density, lignin content, and extractive

The TL content also varied, with an average
value of 27.27%. The acid-soluble lignin
(ASL) showed the largest variation, with an
average value of 4.91% and a CV of 11.84%.
The average extractive content was 6.34%,
ranging from 0.75% to 18.58%, with a CV of
60.57%. This range of variation may be due

content.

to differences in the extractive content
along the radial position in the pith-bark di-
rection, as the samples were taken from
these regions separately and not in com-
posite samples. In addition, extractives
comprise a wide class of chemical com-
pounds, and their composition can vary sig-

nificantly between different wood species
and within different parts of the tree (Be-
nouadah et al. 2017, Rodrigues et al. 2018,
Arisandi et al. 2019). It is important to note
the amplitude of variation in the property
values; thus, the calibrations were ad-
justed. As NIRS calibrations performed us-
ing PLS-R do not allow extrapolations, it
was important that the samples from the
calibration lot represented all the samples
to be analyzed.

NIR spectra of wood

The spectral signatures of the Eucalyptus
wood are shown in Fig. 4. The spectral in-
formation is presented in the range of
12,500 to 3,500 ¢cm, with a resolution of 8
cm™. It was observed that the first half of
the spectral region (from 9,500 cm® to
12,000 cm) was noisy, making it difficult to
obtain useful information. The absorbance
peaks were observed from the second half
of the spectrum (from 9,500 cm" to 3,500
cm), where the information of interest for
the calibration of the models was included.

Spectra can usually present noise and im-
perfections, which can be addressed
through mathematical approaches (Down-
es et al. 2011, Costa et al. 2018). Fig. 4a
shows the spectra obtained from the sam-
ples of solid wood (radial and transverse
faces) and powdered wood from the origi-
nal data, and Fig. 4b shows the spectra of
these same data treated by the first deriva-
tive. The treatment of the data reduced
the noise in the spectra and indicated the
most informative regions for calibrating
the predictive models.

Calibration and cross-validation models
for basic wood density

The calibration results to predict the basic
density of the wood are shown in Tab. 2.
Both the radial and transverse surfaces
provided accurate calibrations; however,
the transverse surface resulted in the best
model performance through the integra-

Tab. 2 - Calibrations and cross-validations to estimate the basic wood density from NIR spectra obtained through the integration
sphere and optical fiber. (Treat): treatment; (RadF): radial surface through the optical fiber; (TransF): transverse surface through
optical fiber; (TranslS): transverse surface through the integration sphere; (1dv): first derivative; (SNV): normal standard deviation
correction; (Rc): coefficient of determination of the calibration; (Rcv): coefficient of determination of the cross-validation;
(RMSEQ): root-mean-square-error for the calibration; (RMSECV): root-mean-square error for the cross-validation; (Out): number of
samples eliminated; (%): percentage of eliminated data; (LV): latent variables; (RPD): ratio of performance to deviation of the cross-

validation.
Model ~Acquisition R%c Ricy RMSEC  RMSECV Lv Out % RPDCV
route/face
1 0.71 0.60 24.52 28.84 9 9 5.0 1.84
2 RadF 1dv 0.82 0.70 19.47 25.27 10 9 5.0 2.10
3 1dvsSNV  0.82 0.70 19.01 25.09 10 12 6.6 2.12
4 0.67 0.54 26.73 31.71 10 9 5.0 1.67
5 TransF 1dv 0.82 0.69 18.91 25.15 10 9 5.0 2.11
6 1dvsSNV  0.85 0.71 17.29 24.46 10 9 5.0 2.17
7 0.75 0.60 24.08 30.97 10 9 5.0 1.97
8 Transls 1dv 0.94 0.81 12.22 22.04 10 9 5.0 2.54
9 1dvsSNV  0.93 0.81 13.74 22.27 9 9 5.0 2.74
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tion path. In addition, compared to the ra-
dial surface, the transverse surface also
provided better calibration for basic den-
sity models in other studies (Jiang et al.
2006, Costa et al. 2018, 2024).

The calibrations obtained with the radial
and transverse faces through the fiber op-
tic acquisition path showed similar perfor-
mances, and among them, the calibration
for the transverse face with data treated
by the first derivative and the normal stan-
dard deviation correction (SNV) performed
better, with a R? of 0.71 and an error per-
formance ratio of 2.17. Calibrations ob-
tained with the transverse face through
the integration sphere acquisition path,
with data treated by the first derivative,
showed the best performance. With a R? of
0.81 and a RPD of 2.54, this face provided
satisfactory calibrations for predicting the
basic wood density. This mathematical
treatment was essential to optimize the
calibration models’ fitting. Models treated
by the first derivative and the first deriva-
tive followed by the Standard Normal Vari-
ate (SNV) transformations showed close

Basic density estimated in the laboratory (kg m3)

and satisfactory performances. For forest
science applications, an RPD value greater
than 1.5 is considered acceptable for pre-
liminary readings and predictions (Schim-
leck et al. 2003).

Fig. 5 shows the relationship between the
basic density determined in the laboratory
and the basic density estimated by the
models using NIRS. In general, the calibra-
tion values were very close to the basic
density values measured in the laboratory.
It was observed that the transverse face
had less data dispersion through the inte-
gration sphere acquisition pathway, in ad-
dition to the highest R2cv.

Jiang et al. (2006) investigated the preci-
sion of fir wood sample density predictions
by comparing the tangential, radial, and
transverse surfaces. The results showed
that the best predictive model was ob-
tained with the transverse surface. Costa
et al. (2018) reported the calibrations to
predict the basic density of eucalyptus
wood, achieving a better performance us-
ing the wood cross-section obtained
through the integration sphere.

Calibration and cross-validation models
for lignin and extractive contents

The calibration with the best perfor-
mance to predict the KL content had a R
of 0.98 for the calibration set, 0.81 for the
cross-validation set, and a RPD of 2.31.
Moreover, the treatment of the data with
the first derivative was essential to achieve
a better fit of the model. The statistics as-
sociated with the calibrations to predict
the levels of KL are shown in Tab. 3.

For the prediction of the acid-soluble
lignin (ASL) content, the calibration with
the best performance from the powder
showed a R? of 0.80 for the cross-valida-
tion set and a RPD of 2.37. In addition, the
treatment of the data with the first deriva-
tive also provided a better fit of the model,
requiring to discard only four samples
which were considered outliers.

The performance of the calibrations to
predict the TL content was also very similar
to that of prediction models for acid-solu-
ble KL (Tab. 3). Once again, the treatment
of the data with the first derivative was es-
sential to better fit the model; the calibra-

Tab. 3 - Calibrations and cross-validations for estimating lignin content and wood extractives from NIR spectra obtained through the
integration sphere. (Treat): treatment; (KL): Klason lignin; (ASL): Acid soluble lignin; (TL): Total lignin; (EXT): Extractives; (1 dv): first
derivative; (SNV): normal standard deviation correction; (R2¢): coefficient of determination of the calibration; (R2cv): coefficient of
determination of the cross-validation; (RMSEC): root-mean-square-error for the calibration; (RMSECV): root-mean-square error for
the cross-validation; (Out): number of samples eliminated; (%): percentage of eliminated data; (LV): latent variables; (RPD): ratio of
performance to deviation of the cross-validation.

Model Property Treat R%c RZcv RMSEC RMSECV Lv Out % RPDCV
10 - - 0.76 0.63 0.44 0.55 10 7 5.0 1.77
11 KL 1dv 0.98 0.81 0.13 0.42 7 4 2.8 2.31
12 - 1 dv+SNV 0.97 0.81 0.16 0.43 6 5 3.5 2.26
13 - - 0.74 0.61 0.24 0.29 10 7 5.0 1.80
14 ASL 1dv 0.98 0.80 0.07 0.22 7 4 2.8 2.37
15 - 1 dv+SNV 0.98 0.81 0.06 0.22 8 7 5.0 2.37
16 - - 0.76 0.65 0.42 0.51 10 7 5.0 1.79
17 TL 1dv 0.98 0.84 0.10 0.35 7 7 5.0 2.61
18 - 1 dv+SNV 0.98 0.83 0.13 0.36 6 7 5.0 2.54
19 - - 0.70 0.53 1.74 2.21 10 7 5.0 1.89
20 EXT 1dv 0.97 0.75 0.52 1.59 7 4 2.8 2.63
21 - 1 dv+SNV 0.97 0.75 0.51 1.51 6 7 5.0 2.77
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Tab. 4 - Predictive models from the literature for the estimation of extractive content
(EXT), Klason lignin (KL), acid-soluble lignin (ASL), and total lignin (TL) in Eucalyptus
wood. (Rev2): coefficient of determination of the cross-validation; (RPD): ratio of per-

formance to deviation.

Reference Species Property Rev2 RPD
Hein et al. (2010) Eucalyptus urophylla KL 0.86 2.85
ASL 0.72 1.99
KL 0.93 2.83
Hodge et al. (2018) Eucalyptus spp. ASL 0.66 1.1
TL 0.98 3.20
Liang et al. 2020 Eucalyptus and Acacia TL 0.74 2.47
Zhou et al. (2016) Eucalyptus dunnii EXT 0.94 4.27
TL 0.87 2.47
Bailleres et al. (2002) E. urophylla x E. grandis EXT 0.87 2.20
KL 0.87 2.30

tion with the best performance had a R* of
0.84% and a RPD of 2.61.

The models for estimating the extractive
content were also satisfactory and had an

RPD greater than 1.5. The model showing
the best performance had a R* of 0.75%,
and its RPD of 2.63 was considered satisfy-
ing. The calibrations for the EXT are shown

in Tab. 3. In general, the analysis in Tab. 3
showed that predicting the chemical prop-
erties of wood (lignin and extractive con-
tents) requires a high number of principal
components for their calibration. In addi-
tion, it was observed that when the data
were mathematically treated, the number
of principal components decreased (10, 8,
7, and 6), and the RPD increased (1.77 to
2.77)-

If the RPD value suggested by Schimleck
et al. (2003), in which an RPD greater than
1.5 is considered satisfactory for prelimi-
nary readings and predictions, then all fit-
ted models were considered satisfactory
for predicting the content of the KL, ASL,
TL, and extractives. These calibrations had
statistical results similar to those for cali-
brations developed in other studies (Tab.
4).

Fig. 6 shows the relationship between the
wood chemical properties determined in
the laboratory and those estimated by the
models using the NIR technique. Overall,
the calibration values were very close to
the values measured in the laboratory.

25 6.5 Fig. 6 — Comparison of
2, A £ 60 B the wood chemlcal.prop—
e | o550 x erty values determined in
- Z 55 the laboratory and esti-
2% g ° ted by models. Mod
e =g mated by models. Mod-
£, 2 els 2,5, 8,and 11in Tab. 3
E R2cv = 0.81 £ 45 R2cv = 0.80 for the levels of Klason
& 21 RMSECV = 0.42% 3 40 o RMSECV = 0.22% lignin (LK), acid-soluble
g © RPD = 2.31 2 RPD = 2.37 lignin (ASL), total lignin

20 . . : . 35 (TL), and extractive con-

2 21 22 23 2 25 35 4.0 45 5.0 5.5 6.0 65 tant (EXT).
KL determined in the laboratory(%) ASL determined in the laboratoy (%)

30 18
9 Cc <% D °
g2 E
3 E 2
oo Z o
= 210
[ o
& 27 o & 8
= R2cv = 0.84 g 6 R2cv = 0.75
j 26 RMSECYV = 0.35% o 4 RMSECYV = 1.59%
F RPD = 2.61 E 2 |eg RPD =2.63

25 r . . . w9

25 26 27 28 29 30 0 2 4 6 8 10 12 14 16 18

TL determined in the laboratory (%)

EXT determined in the laboratory (%)

Tab. 5 - Independent calibrations and validations to estimate the wood basic density, lignin content, and extracts from spectra in
the NIR. (RF): radial surface through the optical fiber; (TF): transverse surface through optical fiber; (TE): transverse surface
through the integration sphere; (KL): Klason lignin; (ASL): Acid soluble lignin; (TL): Total lignin; (EXT): Extractives; (od): original data;
(1dv): first derivative; (SNV): normal standard deviation correction; (R>c): coefficient of determination of the calibration; (R>cv):
coefficient of determination of the cross-validation; (RMSEC): root-mean-square-error for the calibration; (RMSECV): root-mean-
square error for the cross-validation; (LV): latent variables; (RPDCV): ratio of performance to deviation of the cross-validation.

Model Type of model R R’p RMSEC RMSEP Lv RPDCV
22 RF 1dv 0.85 0.65 17.34 26.69 10 1.99
23 TF 1dv + SNV 0.87 0.66 16.28 25.94 10 2.05
24 TE 1dv 0.96 0.78 10.20 23.00 10 2.65
25 KL 1dv 0.95 0.71 0.22 0.50 10 1.94
26 ASL 1dv 0.81 0.77 0.23 0.23 7 2.27
27 TL 1dv 0.84 0.71 0.34 0.46 7 1.99
28 EXT 1dv 0.98 0.74 0.32 1.52 6 2.75
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It is widely acknowledged that key wood
components such as cellulose, hemicellu-
lose, lignin, and extractives significantly in-
fluence calibrations (Tsuchikawa 2007).
However, certain components might exert
more influence on specific bonds than oth-
ers. The regression coefficients derived
from NIR-based models offer insights into
the significance of particular wavenumbers
(or wood components) in modeling wood
density and chemical composition based
on their NIR absorbance patterns.

Fig. 7 shows the plot of weighted regres-
sion coefficients for the model for estimat-
ing wood density (a, model 8), Klason
lignin (b, model 11), acid-soluble lignin (c,
model 14), total lignin (d, model 17) and ex-
trative content (e, Model 20) contents.

In the regression models for estimating
Lignin (models 11, 14 and 17) and extractive
contents (model 20), wavelengths around
4405, 4872, 5250 and 7186 cm display sig-
nificant regression coefficients. These cru-
cial absorption bands correspond to O-H,
C-0, C-H, and C-C stretching, commonly ob-
served in the crystalline regions of cellu-
lose, as well as C-O stretching and C=0O
combination observed in aromatic groups
of lignin (Schwanninger et al. 2011).

The spectral range spanning from 4000
to 5000 ¢cm” comprises the combination
band region (Workman & Weyer 2007). In
this range, absorbance peaks exhibit con-
siderable overlap due to interactions be-
tween various chemical bonds. The range
from 5000 to 9000 cm represents the first
and second harmonic regions, offering
valuable information with minimal noise
(Schwanninger et al. 2011). The presence of
high regression coefficients at 7186 cm-
and 5250 cm™ suggests the importance of
lignin molecules in wood density model.

External validation

External validation is recommended by
Pasquini (2003). In this study, the best
models according to the selection criteria
were validated using this approach. Tab. 5
shows the results of the models for pre-
dicting the studied wood properties using
the entire database.

When comparing the cross-validation re-
sults (Tab. 2, Tab. 3) and the external vali-
dation results (Tab. 5), it was observed that
the parameters of the cross-validation
model were similar to those for the exter-
nal validation for the evaluated properties.
The performance of the models in both val-
idation processes was similar and satisfac-
tory, thus showing the efficiency of the cal-
ibrated models.

Concluding remarks

The calibrations obtained from spectra in
the NIR allowed an accurate estimation of
the wood basic density and the content of
extractives and lignin through the integra-
tion sphere and optical fiber acquisition
pathways. Moreover, the integration
sphere pathway had better performances
as showing better statistical parameters.
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Fig. 7 - Regression coefficients of PLS-R models that estimate wood basic density (a),
Klason lignin content (b), acid-soluble lignin (c), total lignin (d) and extractives (e)

from spectra first derivative NIR.

The cross-sectional surface was the most
suitable for estimating the basic density
and extractive and lignin contents. The
spectra obtained from the radial surface
provided lower but acceptable regression
models, thus showing the potential to esti-
mate the analyzed properties.

The application of mathematical treat-
ments of the data, the detection and dis-
posal of anomalous samples, and the selec-
tion of specific wavelengths reduced the
standard error of the calibration and cross-
validation (RMSEC and RMSECVY, respec-
tively) and increased the coefficient of de-
termination (R?) and the ratio of the per-
formance deviation (RPD).

Finally, this study showed that the NIRS
technique was effective in predicting the
basic density and extractive and lignin con-
tents of eucalyptus wood, regardless of
the genetic material and the planting spac-

ing.
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