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Making wood inspection easier: FTIR spectroscopy
and machine learning for Brazilian native

commercial wood species identification
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The molecular structure of wood is mainly based on cellulose, lignin, and hemicellulose. However, low

concentrations of lipids, phenolic compounds, terpenoids, fatty acids, resin acids, and waxes can also be

found. In general, their color, smell, texture, quantity, and distribution of pores are used in human

sensory analysis to identify native wood species, which may lead to erroneous classification, impairing
quality control and inspection of commercialized wood. This study developed a fast and accurate

method to discriminate Brazilian native commercial wood species using Fourier Transform Infrared

Spectroscopy (FTIR) and machine learning algorithms. It not only solves the limitations of traditional

methods but also goes beyond as it allows fast analyses to be obtained at low cost and high accuracy. In

this work, we provide the identification of five Brazilian native wood species: Angelim-pedra

(Hymenolobium petraecum Ducke), Cambara (Gochnatia polymorpha), Cedrinho (Erisma uncinatum),

Champagne (Dipteryx odorata), and Peroba do Norte (Goupia glabra Aubl). The results showed the great
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potential of FTIR and multivariate analysis for wood sample classification; here, the Linear SVM

differentiated the five wood species with an accuracy of 98%. The developed method allows industries,
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1. Introduction

Wood is a very abundant, renewable, and environmentally
friendly material with numerous practical applications.
However, accurately identifying wood species is crucial to
assessing their value and proper usage. The laboratory identi-
fication of wood species is considered complex and difficult to
implement on a large scale because it usually involves several
time-consuming steps — in which the wood components are
isolated or degraded into monomeric fragments to quantify the
total fiber content of the plants and analyze the chemical
composition of the wood - that can take days to be complete.'
This is one of the reasons why the identification of wood species
is based on human sensory analysis; the color, smell, texture,
quantity, and distribution of pores are some of the factors used
to identify each wood species. The absence of an accurate
method for classification and traceability, regardless of human
training or sensory analysis, leads to erroneous wood classifi-
cation, impairing quality control and inspection of
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extracted and semi-manufactured.

laboratories, companies, and control bodies to identify the nature of the wood product after being

commercialized wood. The human sensory analysis provides
only 65% accuracy, which has motivated the development of
studies using artificial intelligence methods to avoid errors and
increase classification accuracy.*®

The wood composition is divided into 50% cellulose, 20—
25% hemicellulose, 20-30% lignin, and up to 15% other
constituents. Cellulose (C¢H;,05)n is a linear polysaccharide
that constitutes the structural part of the plant cell wall and
determines the plant structure, forming the filaments that
reinforce the walls of the longitudinal fibers, presenting
a higher molecular weight than other wood components.®’
Lignin (CoH10,, C10H1,03, C1:H140,) is a random condensed
polymer with many aromatic groups and free of carbohydrates
(sugars) in its polymeric structure, which has a hydroxyl group
(-OH) attached to an aromatic ring.® Lignin is also responsible
for the structural rigidity of lignocellulosic biomass, which
generally covers hemicellulose and cellulose.’

Hemicellulose (C¢H;00s)n is a group of polysaccharides
composed of 5- and 6-carbon ring sugars with an irregular chain
backbone with side groups, substituent groups, and sugars
along it."* With hydroxyl groups connected to its main chain
and exposure due to its amorphous condition, hemicellulose
becomes more susceptible to chemical degradation reactions
and is less tolerant to the action of heat.® The -OH groups and
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sugar branches of hemicellulose also play an essential role in
binding and stabilizing microfibrils, which are highly polar and
linked via hydrogen bonds.™

Hemicellulose and Lignin surround the cellulose macro-
molecules by binding them and providing stiffness and
compressive strength to fiber walls."*** The wood structure also
presents small amounts (0.2 to 1%) of mineral salts, consti-
tuting the nourishment of living tissues. Plant species also have
resins, oils, and waxes, which are deposited in the cell cavities,
producing the characteristic color and smell of the species.”
Wood contains up to 15% of extractives, including lipids,
phenolic compounds, terpenoids, fatty acids, resin acids, and
Waxes.11,14,15

The diverse molecular composition found in wood presents
an exciting prospect for creating a rapid and precise technique
to detect and categorize wood samples using molecular spec-
troscopy. In the literature, we can find a few examples that
support our hypothesis: (i) three fast-growing tree species from
the Amazonian forest (Pashco, Capirona, and Bolaina) were
successfully discriminated by using Fourier transform infrared
spectroscopy (FTIR) associated with partial least square
discrimination analysis (PLS-DA), by using cellulose, lignin, and
hemicellulose peaks with accuracy above 91%;' (ii) FTIR and
PLS-DA were also able to differentiate between compression and
non-compression wood by analyzing lignin bands from Pinus
radiata species;" (iii) the growing location of wood samples was
identified by FTIR spectra — from 24 wood samples (16 hard-
wood and 8 softwood) - and hierarchical clustering analysis
(HCA), followed by principal component analysis (PCA) and
linear discriminant analysis (LDA);"® (iv) two Pine woods species
and growing location was also determined by using ATR-FTIR
(attenuated total reflectance - Fourier transform infrared
spectroscopy) and PCA with DA in the lignin and polysaccharide
bands range." Recently, our group demonstrated the potential
use of FTIR associated with PCA and Support Vector Machine
(SVM) to classify Eucalyptus species.>

Here, we investigated the potential use of Fourier-
transformed infrared spectroscopy (FTIR) and multivariate
analysis for accurate identification of five Brazilian native wood
species most used commercially in the country: Angelim-pedra
(Hymenolobium petraeum Ducke); Cambara (Gochnatia poly-
morpha); Cedrinho (Erisma uncinatum); Champagne (Dipteryx
odorata); Peroba do Norte (Goupia glabra Aubl). Besides the
subtle difference between the FTIR spectra of each species, the
proper choice of the spectral range showed promising results in
building a prediction model based on relatively simple algo-
rithms for sample classification. The developed method can
allow industries, laboratories, companies, and control bodies to
identify the nature of the product after being extracted and
semi-manufactured.

2. Materials and methods
2.1. Sample and data acquisition

Commercial wood samples were obtained from the local wood
industry in the midwest region of Brazil (Campo Grande city,
Mato Grosso do Sul state). The five wood species analyzed were,
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Fig. 1: (i) Hymenolobium petraeum Ducke (Angelim-pedra), (ii)
Gochnatia polymorpha (Cambara); (iii) Erisma uncinatum
(Cedrinho); (iv) Dipteryx odorata (Champagne); and (v) Goupia
glabra Aubl (Peroba do Norte).

A total of 52 heartwood sawdust samples per species were
obtained from 26 different batches. The powder granulometry
was uniformized using an analytical sieve with 45 mesh (355
pm) and submitted to natural drying at room temperature
(around 30 °C) for several days before the measurements. The
sifted sawdust samples’ infrared spectrum was obtained in
a Fourier transform infrared spectrophotometer (FTIR) - Per-
kinElmer spectrum 100 model - with an attenuated total
reflectance (ATR) accessory. After background collection in air,
the sawdust was directly deposited and carefully compressed
against the ATR window (ZnSe crystal), and the FTIR spectra
were obtained in the 4000 to 600 cm ™" range, with a 4 cm ™"
resolution and 10 scans. The average spectra were collected by
measuring each sample in duplicate and then used for analysis.

2.2. Data analysis and sample classification

The data analysis was performed using algorithms previously
implemented in Python using the Scikit-learn package. First,
averaged FTIR raw spectra were subjected to a standard normal
variate (SNV) preprocessing step to remove baseline offset and
rescale the absorbance values, which is necessary to prevent
random experimental variation from interfering with the
result.”

An unsupervised method initially analyzed the data potential
for wood species clustering and discrimination. FTIR-SNV
spectra were submitted to the principal component analysis
(PCA) responsible for data transformation.>* Here, the data
matrix (intensity versus wavenumber) was transformed into
a new matrix set by dimension reduction. The data matrix was
converted to a score matrix and a loading matrix. The trans-
formation converts correlated variables into uncorrelated vari-
ables (principal components), where the first PC has the highest
variance, the second PC has the second highest variance, and so
on. In this way, PCs can highlight variations and trends in the
entire data set, providing a simple way to visualize the data set
through the eigenvectors called scores (scores) and the eigen-
values called their weights (loadings). The first analysis used the
entire spectral range from 4000 to 600 cm ™. We selected two
other spectral ranges, 3000 to 2700 cm ™~ and 2000 to 700 cm ™,
to improve the clustering and group separation as previously
demonstrated in the literature.?**

The PCA data obtained from the three spectral ranges were
used as input data for the supervised analysis step using
machine learning algorithms for sample classification. The DA
(Discriminant Analysis) algorithm uses the training sample set
to determine a boundary (Linear or Quadratic) between
different classes in a particular distribution. The SVM (Support
Vector Machine) algorithm performs a spatial separation of the
training sample using hyperplanes (linear, quadratic, cubic,
fine, medium, and coarse). The main difference between LDA
and SVM is that LDA assumes a normal probability distribution
across samples, the same covariance matrix for all classes,

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Wood samples: (a) Dipteryx odorata, Champagne [CHA]; (b) Goupia glabra Aubl, Peroba do Norte [PERI; (c) Erisma uncinatum, Cedrinho
[CED]; (d) Gochnatia polymorpha, Cambara [CAM]; (e) Hymenolobium petraeum Ducke, Angelim-pedra [ANG].

whereas no assumptions are required for SVM. The KNN
(Kernel-Nearest Neighbors) algorithm is based on the spatial
distribution of points and classifies the validation sample based
on the distance to the nearest neighbor's class; it uses the “k”
nearest neighbors for classification (fine = 1, medium = 10, and
coarse = 100) or using weights for the distances so that the
closest has more weight.>>>¢

Two distinct datasets were constructed to conduct the
multivariate analyses. The first was a training set comprising
75% of the total samples. It was used for algorithm training and
parameter selection to improve the classification based on
accuracy. The accuracy was calculated by leave-one-out cross-
validation (LOOCV). In LOOCV, one sample is taken from the
data set, and the others are used to build the prediction model.
Then, the sample data draw is used to assess the quality of the
model. The procedure is repeated until all sample data have
been tested. Model quality is measured by accuracy, and the
average percentage of correct answers remains in each test.””
After this step, the remaining 25% of the samples, referred to as
test sets, were utilized to certify the robustness and reproduc-
ibility of the model.

3. Results and discussion

Fig. 2(a) shows the wood species averaged FTIR-SNV spectra in
the 4000 to 700 cm ™' range, with respective standard deviations
for the groups analyzed: angelim-pedra (ANG), cambara (CAM),
cedrinho (CED), Champagne (CHA) e Peroba (PER). The data
show a slight deviation in good accordance between the spectra
of the same group. The most prominent vibrational bands in
the 2000 to 700 cm™ " range are due to the cellulose, hemi-
cellulose, and lignin molecular vibrational modes.”®*** In turn,
the samples’ wood constituents in small concentrations caused
alterations in the vibrational bands, such as a small shoulder,
shift, area, or width.

The wide vibrational band centered around 3400 cm ™' is
assigned to O-H stretching modes, while the small band at

© 2024 The Author(s). Published by the Royal Society of Chemistry

around 2900 cm™ ' is linked to C-H elongation groups from

cellulose.”®?' Fig. 2(b) highlights a distinct variation in band
intensity from O-H modes. Additionally, noticeable differences
are observed within the wide bands spanning the 3000-
2800 cm ™' range, with some exhibiting multiple vibrational
peaks.

Fig. 2(c) shows the analyzed groups' spectral differences in
the 2000-700 cm " range. The 1731 cm ™' band - assigned to
C=0 stretching from carbonyl and acetyl groups from
hemicellulose,*®?*** is more intense for CHA and CAM groups
and slightly shifted for higher energy. The broad bands
centered at around 1600 cm ™" are very similar for PER and CED,
intense for CAM and ANG, and narrow for CHA. The bands in
the 1700 to 1450 cm™ ' range are assigned to C=C and C-O
stretching and bending modes in lignin and cellulose.>*3%3*

Bands at 1461, 1427, 1371, and 1103 cm ™ * are characteristic
of C-H vibrations, C-O deformation, bending, or elongation in
lignin and carbohydrate.? The 1427 em™" band is associated
with aromatic vibrations related to C-H in-plane deformation
cellulose. The bands at 1731, 1371, 1245, 1158, 1103, and
1033 cm™ ' are attributed to the deformation of C=0, C-H, C-
O-C, C-O, or stretching vibrations in carbohydrate groups.*
The bands at around 892 and 833 cm ™" are assigned to amor-
phous material in the cellulose region.>**°

Since many differences were found among the FTIR spectra
of each group, it is reasonable to expect an easier clustering
formation. Fig. 3 shows the principal component analysis (PCA)
results for FTIR-SNV spectra from the five wood species
analyzed in the 1800-800 cm ' interval.

This spectral range provided a more distinct separation
among wood species. Fig. 3 also depicts the loading plot of the
first and second PCs, which account for 82.9% of the total data
variance. The predominant elements within this spectral range
are the major constituents of wood (cellulose, hemicellulose,
and lignin). This range may also include extractives such as
lipids, phenolic compounds, terpenoids, fatty acids, resin acids,
carbohydrates, and waxes.'***"
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(a) Wood species averaged FTIR-SNV (solid line) and standard deviation (shadow). Scientific (italic) and respective popular name with the

acronym in square brackets: Hymenolobium petraeum Ducke, Angelim-pedra [ANG]; Gochnatia polymorpha, Cambara [CAM]; Erisma unci-
natum, Cedrinho [CED]; Dipteryx odorata, Champagne [CHA]; Goupia glabra Aubl, Peroba do Norte [PER]; (b) detailed bands ranging from 3000—

2800 cm™%; (c) clear view of 2000 to 700 cm™.

The cellulose, lignin, hemicellulose molecules, and small
amounts of wood extractives can cause intra and interspecific
differences among batches, thereby improving group separa-
tion. Each wood species possesses varying levels of extractives,
which are influenced by factors such as the specific wood

species, the wood age, and the position of the wood within the
tree.™ In this study, we analyzed species from the same region,
all with a similar age of approximately 25 years. In the loading
graph (Fig. 3), a peak can be observed at 1597 cm ™', corre-
sponding to the aromatic skeletal vibration of the C=C bond in
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Fig.3 PCA results from FTIR-SNV data, score plot (left side), and loading (right side) in 1800 to 800 cm™. Training samples (circle) and validation
test samples (triangle) are displayed in the score plot. Hymenolobium petraeum Ducke or Angelim-pedra (ANG); Gochnatia polymorpha or
Cambara (CAM); Erisma uncinatum or Cedrinho (CED); Dipteryx odorata or Champagne (CHA); Goupia glabra Aubl or Peroba do Norte (PER).
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the benzene ring, a characteristic feature of lignin. Additionally,
we observe other peaks in the loading graph associated with
aromatic skeletal vibrations of C-H bonds in the in-plane
deformation of cellulose.

To improve the overall accuracy in sample classification, the
Principal Components (PCs) were evaluated by DA, KNN, and
SVM models in the leave-one-out cross-validation (LOOCV)
using the training set consisting of 75% of the samples. The
number of PCs used for each algorithm in the three spectral
ranges (4000-600, 3000-2800, and 1800-800 cm ') were tuned
to avoid underfitting and overfitting. Detailed results of these
analyses can be found in the supplementary material. Fig. 4(a)
presents the overall accuracy for the classification methods
utilizing the LOOCV (Leave-One-Out Cross-Validation) and the
respective number of PCs used to achieve the best accuracy for
each spectral range. The results indicate that the LDA, QDA,
Fine KNN, and SVM-linear model has higher accuracy (é maior
que ou igual a 98% in the internal validation, regardless of the
spectral range).
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On the other hand, external validation tests were performed
using a sample set (25% of samples) dedicated solely to this
purpose. Here, we use the LDA since it uses a minor amount of
input data to reach high accuracy in the LOOCV. It is considered
a simple and intuitive method for data classification and pres-
ents good resistance against overfitting. Fig. 4(b) and (c) shows
the confusion matrix depicting the results of the LDA method
using 4 PCs in the range of 1800-800 cm ™', with an accuracy of
100% in training (LOOCV) and 98.0% in the external validation
achieved. This indicates that the model is reliable and can be
generalized with a low possibility of overfitting or underfitting.
The confusion matrix is one of the most used approaches to
analyze validation results. It provides information about the
success rate and the percentages of true negatives (VN), true
positives (VP), false positives (FP), and false negatives (FN)
predictions. These metrics are essential for assessing the
accuracy, sensitivity (actual class rate), and specificity (predicted
class rate) of the predictions, allowing the evaluation of the
robustness of the protocol.** The number of wood samples on
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Fig. 4 (a) Overall accuracy for the classification methods obtained by LOOCV in the three spectral ranges analyzed: (i) 4000-600 cm™~* with 07
PCs (light gray bar with right inclined line pattern); (i) 3000-2800 cm™* with 10 PCs (gray bar with horizontal line pattern); (i) 1800-800 cm™
with 04 PCs (dark cyan bar with left inclined line pattern). Confusion matrix for the linear discriminant analysis for (b) LOOCV with 100%, and (c)
external validation test with 98% overall accuracy. Hymenolobium petraeum Ducke or Angelim-pedra (ANG); Gochnatia polymorpha or
Cambara (CAM); Erisma uncinatum or Cedrinho (CED); Dipteryx odorata or Champagne (CHA); Goupia glabra Aubl or Peroba do Norte (PER).
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the main diagonal of the confusion matrix represents the
correctly classified ones.

It is worth emphasizing that FTIR spectroscopy was selected
as the analytical technique due to its simplicity and ability to
perform chemical analysis in a small sample size in a short
time. On the other hand, the use of multivariate statistical
analysis is highly justified due to its ability to simultaneously
study multiple variables (characteristics), such as wood species,
and deal with a large data set. By employing multivariate anal-
ysis, interrelationships among numerous variables can be
analyzed, and the contribution of each variable can be assessed
to identify those that can be used in classification protocols.
Through this comprehensive analysis, we gain a deeper
understanding of the complex data relationships providing
valuable insights for further interpretation and decision-
making.

This work highlights that the FTIR technique with multi-
variate analysis and machine learning algorithms could be used
for classifying wood species using a large dataset. This approach
offers several advantages compared to conventional methods.
The combination of FTIR with multivariate analysis enables the
examination of multiple variables simultaneously, enhancing
the efficiency and completeness of the classification process.
Moreover, the application of machine learning algorithms
further improves the accuracy and speed of classification.
Notably, the reported approach requires smaller sample sizes
and shorter analysis times, with FTIR measurements typically
taking around 10 min. Furthermore, the findings have practical
implications for wood inspection in companies, the wood
industry, and commerce. Utilizing the FTIR technique allied
with multivariate analysis and machine learning algorithms
made it possible to determine the wood species quickly and
reliably.

4. Conclusion

Using FTIR with PCA and machine learning classification
methods demonstrates its remarkable potential for differenti-
ating wood species. The most favorable outcome was achieved
by analyzing the spectral range between 1800-800 cm™ ',
resulting in improved separation within the studied wood
species using the LDA classifier. The LDA classifier exhibited
100% accuracy in internal validation and 98.0% accuracy in
external validation. The result, coupled with the straightforward
sample preparation, highlights the significant potential of FTIR
combined with multivariate analysis for wood species classifi-
cation. This approach offers a considerable advantage over
traditional methods, which typically require 3 to 4 days, while
FTIR provides results within 15 min once the samples are ready
for characterization.
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