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Abstract: Although visible and near-infrared (Vis-NIR)
spectroscopy can rapidly and nondestructively identify
wood species, the conventional spectrometer approach
relies on the aggregate light absorption due to the
chemical composition of wood and light scattering origi-
nating from the physical structure of wood. Hence, much
of the work in this area is still limited to further spectral
pretreatments, such as baseline correction and standard
normal variate to reduce the light scattering effects.
However, it should be emphasized that the light scattering
rather than absorption inwood is dominant, and thismust
be effectively utilized to achieve highly accurate and
robust wood classification. Here a novel method based on
spatially resolved diffuse reflectance (wavelength range:
600–1000 nm) was demonstrated to classify 15 kinds of
wood. A portable Vis-NIR spectral measurement system
was designed according to previous simulations and
experimental results. To simplify spectral data analysis
(i.e., against overfitting), support vector machine (SVM)
model was constructed for wood sample classification
using principal component analysis (PCA) scores. The
classification accuracies of 98.6% for five-fold cross-
validation and 91.2% for test set validationwere achieved.
This study offers enhanced classification accuracy
and robustness over other conventional nondestructive
approaches for such various kinds of wood and sheds
light on utilizing visible and short-wave NIR light scat-
tering for wood classification.

Keywords: principal component analysis; rapid and
nondestructive; spatially resolved reflectance; support
vector machine; visible and short-wave light scattering;
wood classification.

1 Introduction

Owing to the high diversity of species, research on wood
classification offers a wealth of knowledge. The current
standard method is based on microscopic features (Baas
et al. 2004; Wheeler et al. 1989) and DNA barcoding dif-
ferences (Ohyama et al. 2001). Despite their success, these
techniques are destructive and time-consuming, limiting
their applicability in the wood industry. Additionally,
they require specialized knowledge and in-depth training
in wood histology and systematics (Lang et al. 2015).
Thus, further nondestructive methods for rapid classifi-
cation are required to understand the historical back-
grounds of wood artifacts, recycle wood waste, and avoid
the illegal felling of trees.

Near-infrared spectroscopy (NIRS) has been a powerful
technique for wood property analysis. In its wavelength
range of approximately 800–2500 nm, overtones and com-
bination bands corresponding to functional groups such as
CH,OH, andNHcanbeused, allowing noncontact and rapid
quantitative evaluation by analyzing light reflectance and
transmittance without the need for special sample pre-
treatment. NIRS has been well-described in a number of
applications involving wood materials (e.g., Kobori et al.
2015; Ma et al. 2017; Ma et al. 2020; Pastore et al. 2011;
Tsuchikawa and Kobori 2015; Tsuchikawa et al. 2003).
Nevertheless, studies on discriminating analysis between
wood species have remained rare. Tsuchikawa et al. (2003)
combined NIRS and the Mahalanobis distance to discrimi-
nate the wood samples (Cryptomeria japonica D.Don,
Pseudotsuga menziesii Franco, Picea sitchensis Carr., Tec-
tona grandis Linn.,Quercus mongolica Fisch var., Paulownia
tomentosa Steud., Quercus gilva Blume, and Fagus crenata
Blume)basedon theirmoisture contents (MCs). Pastore et al.

*Corresponding author: Satoru Tsuchikawa, Graduate School of
Bioagricultural Sciences, Nagoya University, Furo-Cho, Chikusa,
Nagoya 464-8601, Japan, E-mail: st3842@agr.nagoya-u.ac.jp
Te Ma and Tetsuya Inagaki, Graduate School of Bioagricultural
Sciences, Nagoya University, Furo-Cho, Chikusa, Nagoya 464-8601,
Japan

Holzforschung 2021; 75(5): 419–427

https://doi.org/10.1515/hf-2020-0074
mailto:st3842@agr.nagoya-u.ac.jp


(2011) combinedNIRS and partial least squares discriminant
analysis (PLS-DA) to separate Swietenia macrophylla King.
from three similar types (Carapa guianensis Aubl., Cedrela
odorata L., and Micropholis melinoniana Pierre) of wood.
Braga et al. (2011), Hwang et al. (2016), and Lazarescu et al.
(2017) had similar success with other tree species. Nisgoski
et al. (2017) reported the good resutls of testing an artificial
neural network to identify some Brazilian wood species
(Ocotea Porosa, O. odorifera, Nectandra sp. (Lauraceae) and
Eucalyptus sp. (Myrtaceae)) based on NIRS.

However, conventional NIRS approaches can only
describe the aggregate effect of light absorption (i.e., sample
chemical composition) and light scattering (i.e., sample
physical structure) (Qin and Lu 2008), while many scat-
tering media like wood exhibits anisotropic light propaga-
tion because of their complexmicrostructure. It is, therefore,
not surprising that the majority of the existing studies
mainly relied on further spectral pretreatments such as
baseline correction or standard normal variate to reduce the
light scattering effects prior to training prediction models.
To achieve a robust and accuratewood classificationmodel,
more research is needed to understand the light scattering
characteristics in various wood species. Recently, there
have been considerable efforts made towards measuring
wood optical properties (i.e., absorption coefficient: µa and

reduced scattering coefficient: µ′s) by time-resolved spec-
troscopy (TRS). Kitamura et al. (2016) have reported the true

µa and µ′s of wood cell wall were 0.03 and 18.4 mm−1at light
wavelength 846nm, respectively.However, since the type of
cells (i.e., tracheid, vessel, ray cells), shape of cells
(i.e., between type of cells, between latewood and early-
wood), and alignment of vessels (i.e., radial-porous, diffuse-
porous, and ring-porogus) differ widely between wood
species, the scattering coefficient values should also
differ between wood species. Ban et al. (2018) showed that
85% of the variation in the reduced scattering coefficients,
measured by the TRS at a wavelength of 846 nm, could be
explainedbyair-driedwooddensity, the area ratio of the cell
wall, and median pore area. Also, Monte Carlo simulations
supported their experimental results.

Compared to TSR, spatially resolved spectroscopy
(SRS) approach is more suitable in practical applications
due to its advantages of easy-to-operate and cost-effective.
Ma et al. (2018, 2019) utilized a long-wave NIR hyper-
spectral imaging (HSI) camera for taking the scattered light
reflectance images froma focused halogen spotlight source
(1 mm in diameter) illuminated on wood samples. It was
found that the effective utilization of the enhanced light
scattering values with light absorption effects could sepa-
rate into 15 individual wood samples with 94.1% accuracy

by five-fold cross-validation. Although such a spectral
imaging-based approach is powerful, it requires sophisti-
catedmeasurement techniques because the diameter of the
light source depends on the distance between HSI camera
and wood sample. Also, the time-consuming of push-
broom scanning manner makes it inefficient for on-site
application. Moreover, although the spectral information
of such long-wave NIR-HSI cameras is rather rich, it re-
quires a relatively high cost of detector and light source
(Xing et al. 2008). In contrast, shorter wavelengths are
scattered more strongly than longer wavelengths (Boldrini
et al. 2012), which should be considered for wood classifi-
cation purpose.

There is a need, therefore, to change the routinemethod
of the SRS data collection and data analysis for commercial
applications. In this study, the SRS data collected using a
portal and easy-to-use fiber probe-based measurement
system. The system mainly includes a cost-effective visible
and near-infrared (Vis-NIR) spectral imaging camera, a fiber
optic light source, and36 silica fibers for light collection. The
mean center correction and principal component analysis
(PCA)were performed for spectral data pretreatment against
over-fitting. Finally, the support vector machine (SVM)
approach was trained to identify 15 kinds of air-dried wood
samples based on the PC scores. It was expected that such a
portablemultifiber-based SRS approachwould provide new
insights into realizing on-site rapid and nondestructive
wood classification.

2 Materials and methods

2.1 Sample preparation

Fifteen kinds of air-driedwood samples labeled as Agathis, Araucaria,
Western red cedar, Hinoki cypress, Japanese cedar, Ayous, Balsa,
Rubber tree, Yellow poplar, Katsura tree, European beech, Empress
tree, Castor aralia,Ash, and Urin were commercially purchased from a
local wood processing company. The same wood samples have been
used in the previous study (Ma et al. 2018), it was considered to be
helpful to compare their performances and better understand the
mechanisms of sample classification for further improvements. Three
samples were prepared for each kind of wood (a total of 45 samples),
and the sample dimensions of approximately 12 (thickness) × 30
(width) × 80 mm (length) were used. Figure 1a shows the photos of
each sample surfacemeasured in this study. Theirmicroscopic images
(Figure 1b) show that the structure of each sample is unique,
contributing to determining the distinctive light scattering character-
istics. All the samples were kept under controlled conditions (20 °C
and 55–60% RH) until equilibrated moisture content (EMC) was
reached. Subsequently, the sample weights were measured for the
equilibrated and oven-dried specimens using a digital balance
(accuracy of 0.0001 g), and a digital caliper (accuracy of 0.01mm)was
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used for measuring the sample dimensions at the equilibrated con-
dition. From the measured weights and the dimensions raw data,
sample EMC and density were calculated according to the equations
below:

EMC(% )  =  
W   −  Wd

Wd
(1)

density(kg
m3

)  =  (W
V
) (2)

where,W andWd are the weights for the equilibrated and oven-dried
samples, respectively, and V is the sample volume at the equilibrated
condition.

Table 1 shows the averaged density and EMC values with their
standard deviations of each three samples. Those values could be
consideredasalmost the samesample conditionswhen the SRS spectral
data was collected, because each spectral data measurement was done
in a short time and under the same controlled room conditions.

2.2 Visible and near-infrared spatially resolved
spectroscopy measurements

Figure 2 shows the proposed Vis-NIR SRS measurement system. Light
illumination was originally provided from a halogen lamp (5W). An
opticalfiber (SOG-70S, SumitaOptical Glass, Inc., Saitama, Japan)was
used to translate the light source into each wood sample. Then, 36
silica fibers (Vis-NIR type, Core: 100 µm, Clad: 110 µm, Fiberguide
Industries, New Jersey, USA), which were separated into six groups
(1, 2, 3, 4, 5, and 10mm from the light illumination point), were used to
collect the diffuse reflected light and transfer the light into a Vis-NIR
HSI camera (SPECT-100nir1F, Spectral Application Research Labora-
tory Co., Ltd. Shizuoka, Japan).

Figure 3 shows the raw image of the Agathis wood sample taken
by the Vis-NIR HSI camera; this hyperspectral image data contains not
only the spatial arrangement of the 36 silica fibers (horizontal axis) but
also spectral information of themeasuredwood sample (vertical axis).

Figure 1: (a) The cross-grained surface of 15 different types of wood samples used in this study. (b) Microscopic images of the 15 wood types.
The structure of each sample is unique, contributing to determining the distinctive light scattering characteristics. This figure is reprinted from
the previous study (Ma et al. 2018).
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Thewavelength range of the camera is 600–1100 nm,with aminimum
reading width of approximately 0.65 nm/pixel and a wavelength
resolution 4.5 nm. The main difficulty of the SRS method is to collect
the light scattering signals with a high signal-to-noise (S/N) ratio. One
way is to repeat the same measurements many times and average the
results, which is time-consuming and still provides a limited
enhancement in signal quality (Tkachenko 2006). This study achieved
a high S/N ratio by a two-step signal averaging process: firstly, each
fiber occupies 34 pixels of the HSI camera, and the central 30 pixels
were averaged for spectral data collection. Secondly, the signal of the
six fibers in the same group was averaged. Taking the advantages of
the HSI camera, 180 spectral data of each fiber group could be
collected simultaneously, and their averaged spectrum was used for
further data analysis.

2.3 Data collection

For each kind of wood, three samples were prepared, and three
random positions were measured for each sample. Because light
scattering strongly depends on the wood grain direction (Ma et al.
2019), two-step measurements at each position were done through
changing the fixator (the direction of data collection) either parallel or
perpendicular to the sample grain direction. Light reflectance was
measured by using the fiber group 2 mm away from the light illumi-
nation center and 5 mm higher from the white plate (BaSO4). Dark
values were measured by turning off the light and covering the light
collection fibers. All collected spectra were then converted to the
reflectance values for further analysis by Equation 3:

Rλ   =  
Sλ   −  Dλ

Bλ   −  Dλ
(3)

Table : Air-dry densities and equilibratedmoisture contents (EMC)
of the samples.

Name Density (kg/m) EMC (%)

Agathis  ±  . ± .
Araucaria  ±  . ± .
Western red cedar  ±  . ± .
Hinoki cypress  ±  . ± .
Japanese cedar  ±  . ± .
Ayous  ±  . ± .
Balsa  ±  . ± .
Rubber tree  ±  . ± .
Yellow poplar  ±  . ± .
Katsura tree  ±  . ± .
European beech  ±  . ± .
Urin  ±  . ± .
Empress tree  ±  . ± .
Castor aralia  ±  . ± .
Ash  ±  . ± .

EMC, equilibrated moisture content.

Figure 2: The visible and near-infrared spatially resolved spectroscopy measurement system, mainly including a Vis-NIR HSI camera, a fiber
optic halogen light source, and 36 light collection fibers which separated into six groups depending on their distances from the light
illumination center.

Figure 3: One example of a raw image taken by the Vis-NIR HSI
camera; this hyperspectral image data contains not only the spatial
arrangement of the 36 silica fibers (horizontal axis) but also spectral
information of the objected wood sample (vertical axis).
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where, λ denotes the wavelength, S and B are the sample and a white
reference spectrum, respectively, and D is the dark spectrum.

2.4 Data analysis

Because the 1 mm fiber group on the parallel direction was saturated
and the 4, 5, and 10 mm fiber groups in the perpendicular direction
had extremely low signals, they were removed before further data
analysis. The remained fiber group spectral data of each direction was
concatenated together, respectively, and then PCA with mean-center
pretreatment was used to “compress” the big spectral data to against
over-fitting. Finally, a popular technique, SVM classification analysis
(Vapnik 2010) was utilized for training the 15 kinds of wood in a
classification model based on a total of 6 PCs (i.e., including the first
three PCs of parallel and perpendicular to the wood sample grain
direction, respectively). Both five-fold cross-validation and test set
validation were used to evaluate its classification accuracy and
reproducibility. The three samples (three random positions were
measured for each sample) of each wood type were randomly divided

into two samples for training set and one sample for test set, respec-
tively. Three random positions were measured for each sample. The
analysis of the data was performed by MATLAB (The MathWorks Inc.,
Natick, MA).

3 Results and discussion

Figure 4 shows the averaged Vis-NIR spatially resolved
reflectance spectra with their standard deviations of each
ninemeasurements for three representativewood samples,
which were Japanese cedar, Ash, and European beech.
Figure 4a–c show the spectral data collected parallel to the
wood grain direction, except for the spectral group at 1mm,
whereas Figure 4d–f show those collected perpendicular to
the grain direction except for the spectral groups at 4, 5,
10 mm. It is logical that the overall spectral intensity
quickly falls with the distance to the light illumination. The

Figure 4: Averaged NIR raw spectra and standard deviations of Japanese cedar (a and d), Ash (b and e), and European beech (c and f) at either
parallel (a, b, and c) or perpendicular (d, e, and f) direction to the sample grain angle. The spectra at 1 mm for parallel grain and 4,5,10 mm for
perpendicular grain were removed.
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optical scattering was not isotropic within each wood
sample, the light propagated further in the parallel direc-
tion because the scattering coefficient along the cylinders
is much smaller than that perpendicular to the cylinders
(Ishimaru 1978). The signal range of 600–1000 nm was
chosen because the wavelength longer than 1000 nm was
found to be noisy in this present study. Since the reference
value was measured using the fiber group 2 mm away from
the light illumination center and 5 mm higher than the
white plate, the values could be over 100%. Notably, the
NIR wavelength range has much higher light reflectance
compared with the visible light range, and the wavelength
at 970 nm corresponds to the OH absorption, originating
from the water content of the samples. It suggests that
wood MC strongly affects the Vis-NIR spectra, resulting in
different light absorption and light scattering (D’Andrea
et al. 2007). Hence, it is best to train and test (i.e., practical
applications) a wood classification model under the same
MC conditions (e.g., already air dried at the same temper-
ature and RH).

The first three PCA loadings of the Vis-NIR spectra that
were collected parallel (a) and perpendicular (b) to the
grain direction are shown in Figure 5, where the Y-axis of
the left-hand shows the spatially resolved diffuse reflec-
tance. The X-axis shows the total number of explanatory
variables. The light signals collected from the fiber group 2,
3, 4, 5, and 10mmwere concatenated together, resulting in
a total of 3155 variance values at parallel measurement
direction (a). Whereas, the fiber group 1, 2, and 3 mm were
concatenated together to have 1893 data perpendicular
measurement direction (b). The Y-axis of the right-hand
plot shows the first three PCA loadings at the bottompart of

each figure. The loadings can be understood as the weights
for each variance value when calculating the principal
component score. The accumulated contribution rate was
found as 99.3% (PC1: 94.1, PC2: 3.8, and PC3: 1.4%) in the
parallel direction and 98.6% (PC1: 95.8, PC2: 2.7, and PC3:
0.1%) in the perpendicular direction. A strong correlation
was found between PC1 loading and light scattering dif-
ferences, i.e., vertical baseline shift. In addition, PC2
loading had relatively high absolute values at light wave-
length around 670 and 970 nm. It could be influenced by
the sample differences in red colour depth and MC
(D’Andrea et al. 2007), respectively. Although the accu-
mulated contribution rate of PC3 loading was extremely
low, sample red colour depth and moisture sensitive
wavelengths around 660 nm, 780 nm, and 970 nm still had
high influence.

Figure 6 shows the three-dimensional scatter plot
based on the first three PC scores. They were calculated
from the NIR spatially resolved reflectance spectra parallel
(a) and perpendicular (b) to the grain direction, respec-
tively (Figure 5). Different colors and markers indicate
different wood types in the 3D scatter plot. Each kind of
wood could be identified based on their first three PC
scores. As expected, the third PC scores had meaningful
differences that contributed to classifying the 15 types of
wood. Although some wood samples have similar density
(e.g., Agathis and Hinoki cypress, Ayous and Yellow pop-
lar), their PC scores were significantly different. It suggests
that the anatomical structures of wood samples could play
an important role in light conductance rather than wood
density (Abe et al. 2016). Finally, the six PC scores
(i.e., three from parallel and three from perpendicular)

Figure 5: The plot of the explanatory variables and their PCA loadings. The spectral data were collected (a) parallel and (b) perpendicular to
sample grain direction, respectively. The strong correlation between PC 1 loading and light scattering differences (i.e., vertical baseline shift)
can be observed. As in Figure 4, the spectra at 1 mm for parallel grain and 4, 5, 10 mm for perpendicular grain were removed.
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were combined to represent each wood type for training
SVM classification model.

Figure 7a shows the identification results of 15 kinds of
wood under five-fold cross-validation by SVM, which
improved the accuracy (98.6%), compared with that
reported in the previous study (94.1%) (Ma et al. 2018). To
further examine this, randomly collected six measurement
data from each kind of wood were used to construct the
SVM calibration model, and the other three data were used
for test set validation. The test results are shown in
Figure 7b. The accuracy was 91.2%, suggesting the SRS

based wood classification models had high validation
robustness.

4 Conclusions

Spatially resolved diffuse reflectance (wavelength range:
600–1000nm) of 15 individualwood sampleswere collected
by designing a novel portable and cost-effective fiber probe-
based measurement system. For data analysis, PCA was
utilized against over-fitting. SVM classification results

Figure 6: Scatter plots of three PC scores calculated from theNIR spatially resolved reflectance spectra in the (a) parallel and (b) perpendicular
measurement directions, respectively. Fifteen kinds of wood samples were almost separated by their first three PC scores.

Figure 7: Prediciton plot for the (a) five-fold cross-validation set, and the (b) test set. Each row of the matrix represents the predicted wood
class while each column represents the actual class.
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revealed that the method offers rapid, nondestructive, and
robust classification. The accuracies were 98.6% for five-
fold cross-validation and 91.2% for test set validation,
respectively. Besides high wood classification accuracy, the
newly designed SRS measurement system is portable and
does not require sophisticated measurement techniques. It
is also less time-consuming, wood classification could be
done in seconds aftermodel construction evenusing normal
personal computers. Moreover, it is a low-cost design
because the NIR-HSI camera with short-wave sensitivity is
much cheaper than the ones with long-wave sensitivity.
Hence, this study provides new insights into utilizing the
light scattering for wood classification purposes.

Further research should focus on extending the
applicability of the SRS approach to a broader database of
wood types and larger sample numbers obtained from
different individual trees. Furthermore, existing nonde-
structive imaging technologies (e.g., X-ray, HSI) could be
merged to evaluate the spatial distribution of wood sample
properties (e.g., earlywood or hardwood, juvenile wood or
mature wood), to offer robust and automate wood classi-
fication models.
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