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Wood Species ldentification Using Terahertz Time-
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A new method for wood identification using terahertz (THz) time-domain
spectroscopy (TDS) is presented. THz-TDS technology is an emerging
method of spectral analysis method that shows great advantages in wood
non-destructive testing. Wood is opaque in the optical and near infrared
spectrum, and relatively transparent in the THz band. In this experiment,
four wood species (Pinus densiflora, Pinus sylvestris, Pseudotsuga
menziesii, and Cunninghamia lanceolata) were selected as samples.
Optical parameters such as absorption coefficient and refractive index of
the measured samples can be extracted from THz time-domain spectra.
Principal component analysis was introduced to reduce the dimensionality
of the THz spectral data of the wood. The principal component score
matrix of the wood was obtained and used as a characteristic matrix. A
wood classification model was established using a support vector
machine. The experimental results showed that THz-TDS had excellent
performance in wood recognition. This research lays a theoretical and
application foundation for the application of THz technology in the field of
wood detection and recognition. It also provides a new direction and
technical scheme in the wood identification field.
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INTRODUCTION

Wood as a resource has played an important role in the history of human beings. It
is widely used in various fields of daily life. More than 60,000 types of trees grow on the
earth (Beech et al. 2017). There are distinctive variations in properties, prices, and
applications of different wood species. Therefore, wood species identification is of great
significance for wood-related industries and the wood market.

Traditional methods for wood species identification rely on macroscopic
characteristics, anatomical features, DNA recognition, etc. (Degen and Fladung 2008; Dev
et al. 2014). However, these methods have their drawbacks. Macroscopic identification is
usually applicable only at the genus level, while anatomical feature recognition method is
limited by knowledge of wood anatomy. Current methods for DNA identification of wood
can accurately identify some wood types. However, they are not applicable to all species,
in terms of separating species within a genus. Degradation of wood DNA occurs during
the formation, storage, and processing of wood, which makes it difficult to extract high-
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quality wood DNA, and some wood DNA sequence information is difficult to measure,
which makes online detection impractical. Consequently, to realize rapid and non-
destructive wood identification’s purpose, many researchers resort to spectral analysis
methods such as hyperspectral imaging, Fourier transform near-infrared (FT-NIR), etc.
Among these, NIR is the most commonly adopted method. Borga et al. (1992) first
discovered the ability of NIR to identify wood. They applied NIR to distinguish between
heartwood and sapwood (Borga 1992). Horikawa et al. (2015) applied NIR to classify
Pinus densiflora and P. thunbergii, which are anatomically similar (Horikawa 2015). Yang
et al. successfully identified wood species from different locations by applying NIR (Yang
et al. 2015). However, there are still shortcomings with this method, including serious
overlapped bands, low absorption intensity, vulnerability to external environment, and
limitations in accuracy.

Terahertz (THz) spectroscopy is a state-of-the-art spectral analysis technique. The
THz spectrum contains abundant physical and chemical information of the measured
object. The THz spectroscopy output can reveal a wealth of structural information of
molecules by measuring the frequencies of the inter- or intramolecular vibrational modes
(Yang et al. 2012). THz-TDS spectrum can be used to calculate the physical and chemical
parameters such as the absorption coefficient, refractive index and dielectric constant of
the sample. These parameters can be used to analyze the composition, structure, physical
and chemical properties of the materials. A number of studies on the identification of
explosives, drugs, and Chinese medicine by THz spectroscopy have been published (Zhang
et al. 2007a; Puc et al. 2015; Sterczewski et al. 2017).

In summary, THz spectroscopy can serve as a promising tool in wood species
identification. Wood is opaque in the optical and near infrared spectrum, but it is almost
transparent to the THz wave. There have been several reports on the interaction of THz
radiation with wood (Reid and Fedosejeves 2006; Jackson et al. 2009; Jordens et al. 2010;
Inagaki et al. 2014; Tanaka et al. 2014). However, few studies have been applied to wood
identification using THz spectroscopy.

In this paper, a new method using THz time-domain spectroscopy (THz-TDS) to
achieve wood identification is presented. In the proposed scheme, principal component
analysis (PCA) is used to reduce the dimensions of the THz absorption spectrum, and a
wood classification model is established by using a support vector machine (SVM).
Experimental results indicated that THz-TDS has a good identification effect in the four
kinds of wood selected for this work. As a developing spectral analysis technology, THz-
TDS provides a new method or a supplement to the NIR in wood identification.

THEORY

THz-TDS

The terahertz wave refers to an electromagnetic wave having a frequency in the
range of 0.1 THz to 10 THz. The wavelength is in the range of 0.03 to 3 mm, which is
between the microwave and the infrared (Pan et al. 2018). Since its frequency range is at
the boundary frequency between light and electromagnetic waves, it is called millimeter
wave and submillimeter wave in the field of electronics, while it is called far infrared ray
in the field of spectroscopy.
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The significance of studying THz radiation is not only reflected in the particular
frequency range in which it is located, but also because THz radiation has many unique
properties and has broad application prospects.

A typical width of a THz pulse is a few ps, which is typically sampled and measured
using a femtosecond pulse. The sampling time is very short, which can effectively suppress
the interference of background noise. Therefore, THz detection technology has a high
signal to noise ratio up to 10° which is much higher than other spectral measurement
techniques.

THz pulses are broadband. A THz pulse contains a frequency segment that reflects
the characteristics of the sample to be tested. Many material macromolecules have
rotational energy levels in the THz band, so they exhibit strong absorption and resonance
in the terahertz band. The THz wave is very sensitive to small changes in the structure of
the material. By using the different absorption spectra of the THz band, the material
composition, structure and interaction can be analyzed.

The energy of the THz pulse is very low. The photon energy of 1THz is only 4.14
meV, which is very safe for the human body (Cao 2003).

THz radiation has good penetrability for many non-polar materials and dielectric
materials, including wood. THz radiation also has good coherence. THz radiation is
generated by dipole oscillation driven by coherent current, or by coherent laser pulse
generated by nonlinear optical difference frequency effect. THz coherent measurement
technology can directly measure electric field amplitude and phase, then the refractive
index and absorption coefficient of the sample can be extracted conveniently.

The THz-TDS signal can be represented by a transform domain representation
method such as time domain, frequency domain, and time-frequency domain. The original
THz-TDS signal is a time-domain signal. The advantage of THz time-domain spectrum is
that it is intuitive, but it does not clearly reveal the intrinsic information of the signal. After
Fourier transform processing, the time-domain THz-TDS signal can be transformed into a
frequency-domain signal, in which one can analyze the characteristic peak of the material
fingerprint and calculate the complex refractive index. Further on, time-frequency analysis
of THz signal can be performed by wavelet transform and short-time Fourier transform
(STFT), etc. Time-frequency analysis can provide joint distribution information in time-
domain and frequency-domain.

Principal component analysis (PCA) principle

Principal component analysis is a statistical analysis method that turns the original
multiple variables into a few comprehensive indicators (Liu et al. 2016). From a
mathematical point of view, this is a dimensionality reduction processing technique.

For the multi-dimensional data processing procedure, it is necessary to reduce the
data dimensions for efficient processing (Xu et al. 2010). Generally, multiple modified
indicators are used to replace the original variable indicators (Yi et al. 2016). The PCA can
depict abundant information reflected by many indicators and they are independent from
each other.

Suppose that there are n data samples and each sample has p variable descriptions.
Thus, an n x p-order data matrix X can be formed, and the original variable indicators
(dimensions) are denoted as X1, X2, ..., Xp. Their synthesis indicators, namely the new
variable indicators, are denoted as z1, zz, ..., Zm (M < p), respectively, as shown by Eq. 1:
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X11 X12 L X1p Z; = lllxl + llzxz + L, +llpxp
X = X21 X22 L xZP = Zy = 121x1 + llzxz + L, +lszp (l)
L L L L San eEE wEs wEs wew weE EEE wEs wEs wew
Xn1 Xn2 L xnp Zm = lmlxl + lm2x2 + L! +lmpxp

The new variable indicators zi, z2, ..., zm determined in this way are respectively
denoted as the first, second, ... etc.; m principal components represent the original variable
indicators of xi, Xz, ..., Xp. Among them, z; accounts for the largest proportion of the total
variance and the variance of z1, z, ..., zm in turn decreases.

From above analysis, the principal component is the determination of the load Ij; (i
=1,2,....,m;j=1,2, ..., p) of the original variable x; (j = 1, 2, ..., p) on the principal
component zi (I =1, 2, ..., m). It can be deduced by mathematical methods that they are
the eigenvectors corresponding to the m larger eigenvalues of the correlation matrix of the
X1, X2, ..., Xp.

SVM principle

A SVM is a supervised learning method that is mainly used for the learning,
classification, and prediction of small sample data (Foody and Mathur 2004). It is widely
used in statistical classification and linear regression. Its basic model is a linear classifier
with the largest interval defined on the feature space. For linear inseparable cases, the linear
inseparable sample of the low dimensional input space is transformed into a high
dimensional feature space by using the nonlinear mapping algorithm to make it linearly
separable. The linear algorithm is used for the sample in the high dimensional feature space
and nonlinear characteristics are analyzed via linear analysis (Wu and Yang 2015).

The main goal of SVM is to establish an optimal decision-making hyper plane,
which maximizes the distance between two nearest plane samples from two sides of the
plane, thus providing a good generalization ability for the classification problem (Rizk et
al. 2013). For a multidimensional sample set, the system can randomly generate a hyper
plane, move continuously, and classify the samples until both sides of the hyper plane
become the sample points in the training sample. There are multiple hyper planes under
this condition. The SVM formally seeks classification accuracy while classifying samples.
The best classification of linearly separable samples is achieved by maximizing the blank
area on both sides of the hyper plane.

Linear classification
For linear separable problems, the samples are classified by solving the hyper plane
with the largest geometric interval.

A
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Fig. 1. Linear separable sample
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Assume that the support vector is (x;, y;) and the solution of the hyper plane is
(w, b).Therefore, it requires the largest geometric interval. The problem of finding the
maximum distance on both sides of the hyperplane can be solved using Eq. 2.
yi(wTx; + b)

max T 2

The Lagrangian function can be obtained by using the Lagrange multiplier method:
1
L(w,b,a) = X'j=y a; =5 X1j=1 a;a;y;yix; Xj (3)

By using the Lagrangian multiplier method, the optimal solution « is obtained.
Then, w and b are obtained, and therefore the classification hyper plane is obtained
through w”x + b = 0. The decision function is denoted as follows:

f(x) = sign(wTx + b) 4)

The sign function is used to extract the sample symbols for sample category
determination.

Nonlinear classification

For nonlinear classification, SVM uses the inner product kernel function to convert
the process into a linear classification process by mapping the sample set into high-
dimensional space, and then its classification hyper plane is solved (Zhang et al. 2007b).
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Fig. 2. Low-dimensional spatial linear inseparable samples mapped into high-dimensional space
for generating linearly separable samples

For x, z € X meets the requirement that,

k(x, y) = @) ®(2) ()

where @ is a mapping from input space X to feature space F and k(x, y) is a kernel
function.
The corresponding classification function is,

gx) = sign(wT®(x) + b) = sign(X~, a;yik(x;» x) +b) (6)

where k(x;, x) = @(x)TP(x).
The commonly used kernel functions are presented as follows:
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Linear kernel function:

k(xi, x3) = (x5 x2) (7

Polynomial kernel function:

k(x;s x3) = ((x1» x2) + )4, R=1,d=2 (8)

Radial basis kernel function,

k(s xp) = exp(— 22l (9)
where o is the parameter; and lastly, the Sigmoid kernel function:

k(x;, x,) =tanh(kxIx, + ¢) (10)

EXPERIMENTAL

Materials

The authors prepared four kinds of wood samples from the market: Pinus
densiflora, Pinus sylvestris, Pseudotsuga menziesii, and Cunninghamia lanceolata. In
order to ensure the uniformity of experimental conditions, heartwood was chosen from all
four kinds of wood, and each sample was cut in the same direction to prepare a radial
section wood block of 50 mm x 30 mm x 5 mm. A total of 30 wood blocks were obtained
for each species, namely 120 samples in total.

Before the THz-TDS of wood samples was performed, all wood samples were
placed in an indoor environment with a relative humidity of 22% and a temperature of 20
°C to ensure that the moisture content of all wood samples was within the same range.

Methods

The THz spectra of wood samples were collected by the THz-TDS system at the
State Key Laboratory of Precision Measurement Technology and Instruments in Tianjin
University, China. The block diagram of the THz-TDS system is shown in Fig. 3.
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Fig. 3. Block diagram of THz-TDS system
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The THz-TDS employs a pump-probe technique. The pump and probe light source
adopts a femtosecond (fs) laser with a wavelength of 1560 nm, pulse width of 90 fs, and
repetition rate of 100 MHz. The femtosecond pulses were divided into two beams through
a beam splitter. The stronger beam was used as the pump light and the other one as a probe
light. The pump light activated the photoconductive antenna to generate the THz pulse.
The probe light passed through the time delay line and then activated the photoconductive
antenna to detect the THz pulse that passed through the sample. On the photoconductive
antenna detector a direct current proportional to the electric field of the received THz
radiation can be obtained. A lock-in amplifier amplified the current signal, and then it was
sent to the computer for further processing.

The wood samples were placed at the communal focus of parabolic mirror PM2
and PM3 of THz-TDS system. The transmission spectra of samples can be obtained by a
scanning operation. A set of reference spectra with no samples were measured before the
scanning operation. The frequency domain spectra of the sample and reference signals were
obtained after fast Fourier transform (FFT) was applied to time the domain signal. During
the experiment, the relative humidity was 22.6% and the temperature was 19 °C. The
sampling interval was 26 fs and the sampling length was 80 ps.

RESULTS AND DISCUSSION

Experimental Sample

Due to factors such as the environmental conditions of the experimental site and
the accuracy of the instrument itself, the THz time-domain spectrum of wood sample may
have a small deviation. In order to reduce the THz time-domain spectral sampling error
caused by external factors, the spectral data were collected three times for each sample,
then taking the average as the spectral data of the sample (Li et al. 2014). The time domain
spectra of four wood types were obtained and are shown in Fig. 4. The THz time-domain
spectra passing through the samples showed that time delay and amplitude decreased when
compared with the reference spectrum. The spectral delays of Pinus densiflora,
Pseudotsuga menziesii, and Cunninghamia lanceolata were basically the same while the
time delay of Pinus sylvestris was slightly longer.
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Fig. 4. Time-domain waveform of four kinds of wood

To eliminate the data measurement error caused by factors such as equipment
accuracy and the water vapor in the air as well as the oscillation caused by the reflection
and refraction of the THz wave, the wood THz time domain spectral data were windowed
and intercepted.

The main peak of Pinus densiflora was at 57.94 ps with an amplitude of 1.25 pA,
the main peak of Pseudotsuga menziesii was at 58.88 ps with an amplitude of 1.20 pA,; the
main peak of Cunninghamia lanceolata was at 58.96 ps with an amplitude of 0.84 pA; the
main peak of Pinus sylvestris was at 59.87 ps with an amplitude of 0.77 pA; and the main
peak of the reference was at 54.43 ps with an amplitude of 6.12 pA. The THz time-domain
spectrum of wood samples showed time-delay and energy attenuation in the time domain,
indicating that THz is feasible for wood identification.

Figure 5 shows the THz frequency-domain spectra. The change of wood spectrum
from THz time-domain to THz frequency-domain is obtained via a Fourier transform step.
Due to the obvious noise of the first and the last spectrum, as well as the low data
credibility, the data in the 0.2 to 2 THz band are selected for processing and analysis.
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Fig. 5. Frequency-domain waveform of four kinds of wood

From the THz frequency spectrum images, it can be seen that the frequency spectra
of four wood samples were similar except for minor differences in magnitude and speed
aspects. Compared with the reference spectrum, the amplitude of four wood samples
decreased greatly and dropped to 0 in the 0 to 1 THz band. The Pinus sylvestris had the
smallest amplitude and the fastest drop, followed by Pseudotsuga menziesii, then Pinus
densiflora, and finally Cunninghamia lanceolata.

According to the optical constants extracting model based on THz time-domain
spectroscopy proposed by Dorney and Duvillaret (Li et al. 2017), the absorption coefficient
and refractive index can be calculated based on THz frequency. The refractive index of
THz spectrum can be expressed as follows,

n(w)c
wd

and the expression of the absorbance is shown below in Eq. 8,

n(w) = +1 (11)

4n(w)
p(w)(n(w)+1)2

where n(w) denotes the real part of refractive index; d denotes the sample thickness; ¢
denotes the velocity of the THz wave propagating in a vacuum; w denotes angular
frequency; and p(w)and ¢(w) represent the amplitude ratio and phase difference of
sample signal/reference signal, respectively. Figure 6 shows the absorbance waveform of
four wood samples.

a(w) = gln (12)
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Fig. 6. The absorbance waveform of four kinds of wood

Through the absorption spectrum, it can be seen that the absorption intensity of four
wood types for THz waves was different and the absorption peaks varied, which provided
the possibility for classification and identification after the mathematical modeling analysis
step. Figure 6 shows that the four wood absorption data after 1.5THz had more seriously
overlapping bands, and the noise was larger. In order to reduce the influence of noise, the
data of 0.2~1.5THz frequency band was selected for further research. Among them, Pinus
densiflora showed obvious absorption peaks at 1.127 THz, 1.327 THz, and 1.440 THz;
Pseudotsuga menziesii showed obvious absorption peaks at 1.026 THz, 1.265 THz, and
1.377 THz; Cunninghamia lanceolata showed obvious absorption peaks at 1.302 THz and
1.427 THz; and Pinus sylvestris showed obvious absorption peaks at 1.051 THz, 1.202
THz, and 1.315 THz. The absorption line trends of Pseudotsuga menziesii and
Cunninghamia lanceolata were similar. However, positions of the absorption peak were
quite different. Therefore, by selecting the wood absorption data under the characteristic
frequency, it can be classified and identified after the data processing procedure.

The absorption peaks of the four wood types were located at different frequencies
on the absorption coefficient spectra; thus preliminary wood identification was achieved
according to various absorption peaks. However, the recognition step was still challenging
as the absorption peak locations of different wood were close. Moreover, some underlying
reasons may cause the emergence of an absorption peak at the same time, including
moisture, light refraction, and so on. To accurately classify the wood species, it is necessary
to build a mathematical model of the wood THz spectrum data for further wood species
identification research.

RESULTS AND DISCUSSION

Chemometric Analysis

The THz spectrum contains not only the compositional and structural information
of the tested wood, but also the noise, background information, and other system
interferences, which makes the THz spectrum information complex. In some cases it may
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even annihilate the useful information, which greatly affects the accuracy of the recognition
model. Therefore, to remove the overlapped information in the spectrum as much as
possible, a chemometrics analysis was conducted as an essential part.

PCA Analysis

In this paper, the PCA method was used to remove the overlapped information in
the absorption coefficient spectra. As a dimension reduction method, PCA can reduce the
redundant components with less influence on the classification features, improving the
clustering effect of data. The PCA has been applied to 120 wood samples to perform a
cluster analysis.

The eigenvalues and accumulating contribution rates of the first 10 principal
components are shown in Table 1. The accumulating contribution rates of the first 10
principal components reached 80.78%, which can reflect most of the information in the
original spectral data. Therefore, the authors replaced the original spectral data with the
first 10 principal component score matrices. The dimensions of the original data matrix
were reduced from 120 x 61 to 120 x 33.

Table 1. Accumulating Contribution Rate of Principle Components

Principle Components Eigenvalues Accumulating Contribution Rate (%)
PCAl 19.868 32.57
PCA2 14.207 55.86
PCA3 9.013 70.64
PCA4 1.245 72.68
PCA5 1.173 74.60
PCAG6 1.077 76.37
PCA7 1.027 78.05
PCA8 0.966 79.63
PCA9 0.927 81.15
PCA10 0.916 82.65

Figure 7 shows the score plot of the top ten principal components. The four kinds
of wood were divided into different areas without interlacing in the figure. It can be
concluded that PCA had a good clustering effect on the absorption coefficient spectra of
the different wood species. Therefore, the four wood species can be identified qualitatively
based on principal component analysis. To quantitatively analyze the identification results,
the authors used SVM to establish an analytical model.
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Fig. 7. Principal component score plot of four kinds of wood

SVM Model

In the experiment, the first 10 principal component score matrices were chosen to
establish a SVM wood classification model. The authors divided 30 samples of each wood
species into two groups. One group with 20 samples was used as training set and the other
with 10 samples was the testing set. The training set data and the test set data were
composed of sample data and sample numbers. The four different wood samples were
numbered as (1), (2), (3), and (4). Table 2 shows the training set data, test set data, and the
numbering for the four sample woods.

Table 2. Training Set Data, Test Set Data, and Numbering for the Four Sample
Woods

Wood Species Training Testing Label
Pinus densiflora 20 10 1)
Pseudotsuga menziesii 20 10 (2)
Cunninghamia
lanceolata 20 10 (3)
Pinus sylvestris 20 10 (4)

The training set was used to train the SVM classifier, and then the model was used
to predict the test set. Lastly, the classification results of the four wood samples were
obtained through this model. Table 3 provides the classification results by using the
different kernel functions.
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Table 3. Identification Results of SVM Model on Four Wood Samples

Classification Accuracy (%)

Type of Kernel Pinus Pseudotsuga | Cunninghamia Pinus Total
Function densiflora menziesii lanceolata sylvestris accuracy
Linear Kernel 100 90 80 100 925
Function
Polynomial
Kernel Function 90 100 80 90 90
Radial Basis 100 100 90 100 97.5
Kernel Function
Sigmoid Kernel 90 90 80 90 875
Function

It can be seen from the experimental results that the SVM models established by
the four kernel functions had different results in the wood classification process. The results
showed that the SVM models established by the four kernel functions had different
classification accuracy for different wood types. The SVM model based on the Sigmoid
Kernel Function had the lowest classification accuracy of the four wood samples with
87.5%. The SVM model based on the Linear Kernel Function and the Polynomial Kernel
Function had similar classification accuracy for the four woods with 92.5% and 90%,
respectively. By comparison, the SVM model based on the Radial Basis Kernel Function
had the highest classification accuracy rate of the four wood samples, reaching 97.5%.

Therefore, the authors used the SVM model based on the Radial Basis Kernel
Function as the final wood classification model. The parameters of the model were
determined using the grid method (Chao and Horng 2015): C =2 and g = 0.0313. Therefore,
the radial basis kernel function was used to establish the SVM wood identification model.

CONCLUSIONS

1. In this work, the authors used THz-TDS to identify Pinus densiflora, Pinus sylvestris,
Pseudotsuga menziesii, and Cunninghamia lanceolata. The results showed that the
THz spectroscopy had a high degree of differentiation for the four kinds of wood. The
spectral data in the frequency-domain showed that the different wood types had
completely different absorption effects on the THz waves at different frequencies.

2. The optical parameters of wood can be extracted from the wood THz spectrum. The
results showed that the absorption of different wood on the THz wave can be analyzed
by the wood absorption spectrum. The THz classification and identification model of
wood can be established by using these properties.

3. The authors used PCA to reduce the absorption spectrum of wood and data redundancy,
as well as to study and then analyze the SVM model established by different kernel
functions. The results showed that the wood identification accuracy through the SVM
model established by the Radial Basis Kernel Function reached 97.5%.
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