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Prediction of Veneer Moisture Content Based on Near
Infrared Spectroscopy

Kang Zhou, Yutang Chen, Chengshuo Sun, and Bin Na *

The physical properties of wood, particularly the dimensional stability, are
affected by the water content. Most wood properties can be detected by
near infrared spectroscopy (NIRS), which is used as a nondestructive
testing method. At different wavelengths, different absorption peaks are
presented with the moisture absorbed by wood. According to this feature,
the absorption peaks can be collected, and the data can be processed by
partial least squares method combined with NIRS. In this study, softwood
oak and hardwood ash tree specimens were studied. In the infrared
spectrum range, the wood moisture absorption curve was noticeable and
the curve trend was similar, although the tree species were different. After
centralization, standardization, and derivative processing of the spectral
data, the correlation coefficients of oak and ash tree validations were high,
reaching 0.9021 and 0.9661, respectively. The wood moisture content was
predicted using NIRS and an algorithm. The experiments showed that this
method is feasible.
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INTRODUCTION

The size of wood is affected by the moisture content (Daassi-Gnaba et al. 2017;
Ramage et al. 2017). Keplinger et al. (2015) found that there was a large amount of water
in the wood cell cavity and cell wall, and the moisture content was affected by the drying
effect. Under the influence of air humidity, drying shrinkage and swelling were generated
when a non-ideal drying method was carried out (Li and Li 2000; Remik et al. 2012; Chen
et al. 2016; Gao et al. 2016; Liu et al. 2016). Wood cracking and deformation were caused
by these phenomena.

In the process of using wood, the wood moisture content is usually controlled in a
lower range, and the instability of the wood size is affected by the moisture content (Liu
and Wang 2004; Na et al. 2011; Wang and Chen 2013; Lu et al. 2017). The quality
problems of wood and its derivatives are mostly caused by the inaccuracy of moisture
content detection and control in wood processing. Therefore, it is important to monitor the
wood moisture content in real time to extend wood products’ service life (Dai and Ahmet
2001; Tamme et al. 2013; Brischke and Lampen 2014). Due to the widespread use of
logging and the depletion of forest resources, stricter cutting and processing methods have
been necessary. Therefore, wood processing efficiency can be promoted and the quality of
wood products can be improved with the real-time nondestructive and accurate
measurement of wood moisture content (Jones et al. 2005; Li et al. 2009; Mai et al. 2015).
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There are many techniques to determine the wood moisture content, such as the
traditional drying method according to the GB/T-1931 (2009) standard for the
determination of the wood moisture content. Relatively accurate measurement results can
be obtained, but this method cannot meet the requirements of a real-time measurement. The
distillation method is suitable for the detection of wood moisture content that contains more
volatile components. However, with the distillation method, the test material microstructure
is destroyed and the measurement time is long. Currently, the resistance method is widely
used in the wood industry to detect the moisture content (Stamm 1927; Moss et al. 2009).
The advantages of the resistance method are simple detection steps, a low cost, and data
time-effectiveness. However, the applicable moisture content of the resistance method is
only 6% to 30%, and the measurement results are affected by temperature to a certain
extent. VVoltage needs to be applied to the sample for resistance data, and the structure of
the sample may be destroyed thereby (Bakraji et al. 2002; Li et al. 2019).

Near infrared spectroscopy (NIRS) is a new detection technology with the
advantages of a short corresponding time, a high measurement accuracy, and non-
destructive testing (Schimleck et al. 2002; Kelley et al. 2004; Heman and Hsieh 2016;
Clavaud et al. 2017; Wang et al. 2020). Near infrared refers to the electromagnetic wave
with wavelengths in the range of 780 to 2,526 nm. It is produced by the non-resonance of
molecular vibration when molecular vibration changes from ground state to high energy
level. A large amount of hydroxyl groups are found in wood, which are hydrophilic. The
polarity of water molecules is very strong. In addition, water molecules have strong
absorption in infrared when they vibrate, which makes it convenient for NIRS to study the
structure and chemical composition of water molecules. Three obvious absorption peaks
were observed at 1,145, 1,450, and 1,940 nm in the water absorption spectrum. Based on
this, the spectral information in this wavelength range has been widely used to study water
conditions.

Wood moisture content can be predicted by partial least squares combined with
NIRS. Spectral data were gathered, and a water content prediction model was established
after centralization, standardization, first-order derivative treatment, and second-order
derivative treatment (Xu et al. 2005; Qin and Mo 2006; Wang and Shen 2009). This method
was feasible through experimental analysis, which provided a simple, fast, and
nondestructive method for wood moisture content detection in the processing industry in
the future.

EXPERIMENTAL

Materials

The oak (Quercus spinosa David ex Franch) and ash tree (Fraxinus mandshurica
Rupr.) veneer strands were from obtained from Sheng Xiang Wood Floor Co., Zhengjiang,
China. A total of 60 pieces of wood were numbered in turn. The specimens with dimensions
of 30 mm long x 6 mm wide x 3 mm in height were sawn for the next experiments. One
third of the samples were used as validation sets and two thirds of the samples were used
as calibration sets.
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Control and Determination of the Moisture Content

Firstly, the test sample was placed in an oven until all the moisture was evaporated.
The temperature was maintained at 1032 °C during this period. Then, the sample was
immersed in water for 12 h until it was nearly completely saturated. Finally, the test sample
was dried slowly (temperature: 80 °C, wind velocity: 1m/s, humidity:50%) and the quality
was measured continuously in the electric hot air dryer. The data were gathered by NIRS
as the sample moisture content reached 60.2% and 40.1%.

Spectral Acquisition

The sample data were gathered by an NIRez spectrometer (Isuzu Optics, Zhubei
City, Taiwan). The laboratory temperature and relative humidity were held constant at 26
°C and 20%, respectively. The instrument spectral wavelength range was 960 to 2,150 nm,
the integration time was 1 ms, there were 500 scanning times, and the smoothness was five.
In the whole infrared spectrum acquisition process, the number of samples is 100 and the
moisture contents ranging from 30.2% to 120%.

Data Processing

The model was established though combining the partial least squares method and
the principal component analysis. Then, centralization, standardization, first-order
derivative, and second-order derivative were processed. It can be observed from the results
that the calibration standard error and root mean square error are small, and the prediction
model is ideal.

RESULTS AND DISCUSSION
NIRS Characteristics of Samples with Different Moisture Contents

Figure 1 shows the NIRS of two oak samples with different moisture contents. The
horizontal coordinate represents the wavelength, and the longitudinal coordinate represents

the absorption intensity of the sample to the spectrum.
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Fig. 1. The NIRS graph of samples with different moisture contents
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Curves one and two represent the spectra of the oak samples with moisture contents
of 60.2% and 40.1%, respectively. Infrared spectral curves with the same general trend
were seen in the same species. Absorbance peak bands were observed at 960, 1,145, 1,450,
and 1,950 nm, and relatively obvious absorbance peaks was seen at 1,450 and 1,950 nm.
Similar results already had been obtained in 2020 (Zhou et al. 2020). However, the peaks
they studied were at 1200 and 1460 nm, which were related to the second overtone of the
C-H stretching vibration in cellulose or lignin and the first overtone of O-H stretching in
cellulose, hemicellulose, and water (Mehrotra et al. 2010). The absorbance peak intensity
enhanced as the moisture content increased. Wood is composed of cellulose, hemicellulose,
and lignin. Mass hydroxyl groups were found in these components, so water can be
absorbed by wood due to the hydrophilic chemical bond of O-H.

NIRS Characteristics of the Tree Species

Figures 2 and 3 represent the original diffuse reflection spectrum of 100 oak and
ash tree with moisture contents ranging from 30.2% to 120%, respectively. A similar
infrared spectrum curve was seen between the oak and ash tree specimens. Absorbance
peaks were observed at wavelengths of approximately 1,145, 1,450, and 1,950 nm. The
variation in these absorbance peaks was related to the variation in the wood moisture
content.
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Fig. 2. Original diffuse reflection spectrum of the oak samples
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Fig. 3. Original diffuse reflection spectrum of the ash tree samples

Water absorbance peaks mainly occur due to changes in the free water content in
capillaries because different water levels can modify the NIR spectrum when incident light
is spread on the surface of the specimen.

According to Shi and Feng (2002), a higher or lower spectral range has no
significant influence on moisture prediction, the range contained encompasses water
absorbance peaks. In this paper, the spectral range from 960 nm to 2,150 nm was selected,
and similar results were observed in the range of 800 nm to 2,500 nm.

Prediction of Single Tree Species

Figures 4 and 5 showed the NIRS graphs of the oak samples treated by first-order
derivative and second-order derivative, respectively. After the first-order singular
derivative treatment and second-order derivative treatment, the spectral absorbance
characteristics were more obvious.

The absorbance peaks in the original spectrum can also be presented in the
processed spectrum after the first derivative and the second derivative treatment. A
relatively better model effect was observed after the first derivative treatment compared to
the second derivative treatment, because the environmental interference was eliminated
after derivative treatment and the spectral characteristics improved.

The spectral information processed by the first derivative was more obvious than
the information that was processed by the second derivative. After the second derivative
processing, relatively small information change was highlighted, which may have affected
the model results. Most of the effective spectra were located in the wavelength range of
1,000 to 2,100 nm. The general spectral information was found in other bands, so the
modeling effect was better in this region.
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Fig. 4. The NIRS graph of oak after the first derivative treatment
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Fig. 5. The NIRS graph of oak after the second derivative treatment
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Table 1. Prediction of Oak Moisture Content by Different Pretreatment Methods

centralization + standardization
+ second derivative

Tree Pretreatment Method Factors RMSEC Correlation Root Mean Verification Set
Species Number Coefficient of | Square Error of Correlation
Correction set Validation Set Coefficient
Oak Original spectrum 8 0.0825 0.8731 0.1472 0.5281
Original spectrum + 6 0.0529 0.8973 0.0624 0.8231
centralization + standardization
Original spectrum + 7 0.0267 0.9721 0.0597 0.8799
centralization + standardization
+ first derivative
Original spectrum + 7 0.0121 0.9910 0.0417 0.9021

Table 2. Prediction of Ash Tree Moisture Content by Different Pretreatment Methods

Tree Pretreatment Method Factors RMSEC Correlation Root Mean Verification Set
Species Number Coefficient of | Square Error of Correlation
Correction Set Validation Set Coefficient
Ash tree Original spectrum 6 0.0801 0.8522 0.2021 0.5481
Original spectrum + 5 0.0731 0.8661 0.1792 0.8021
centralization + standardization
Original spectrum + 3 0.0501 0.9372 0.0630 0.9327
centralization + standardization
+ first derivative
Original spectrum + 3 0.0288 0.9771 0.0504 0.9661
centralization + standardization
+ second derivative
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Tables 1 and 2 represent the data for the oak and ash tree samples, respectively,
under different treatments. The correlation coefficients of the validation sets for the oak
and ash tree samples were 0.5281 and 0.5481, respectively. The prediction results of the
increase in accuracy were obtained after the model was established by using the spectra
after mean centralization and standardization. The correlation coefficients of the validation
set for the oak and ash tree samples were 0.8231 and 0.8021, respectively, and the root
mean square errors of the validation sets were 0.0624 and 0.1792, respectively. Therefore,
the comprehensive performance of the NIRS model can be optimized after centralization
and standardization. In addition, the first-order derivative and the second-order derivative
of the centralized and standardized spectra were processed respectively, and the accuracy
of the established model was further improved. Among them, after centralization,
standardization, and second derivative treatment, the best oak model prediction effect was
obtained with the model established by the NIRS, and the correlation coefficient of the
calibration set of 0.9910 and the correlation coefficient of the validation set of 0.9021. The
same result was also existed in the ash tree. The factor number of the ash tree model was
3, and the correlation coefficient of the validation set was 0.9661. Therefore, the quality
of the model was directly affected by different pretreatment methods, and the accuracy of
model prediction results can be effectively improved with derivative processing.

Prediction of Mixed Tree Species

The mixed tree species moisture content prediction model was established with 60
oak samples and 60 ash tree samples. The calibration set accounted for two thirds,
including 40 oak samples and 40 ash tree samples. The validation set accounted for one
third, including 20 oak samples and 20 ash tree samples. The mixed tree species prediction
model results are shown in Table 3.

Table 3. Prediction of Moisture Content of Oak and Ash Tree by Different
Pretreatment Methods

Pretreatment Factors | RMSEC Correlation Root Mean Verification
Method Number Coefficient of | Square Error Set
Correction of Validation Correlation
Set Set Coefficient
Original spectrum 8 0.0873 0.8217 0.1651 0.6927
Original spectrum + 4 0.0821 0.8556 0.0921 0.8624
centralization +
standardization
Original spectrum + 6 0.0721 0.9112 0.0803 0.9132
centralization +
standardization +
first derivative
Original spectrum + 4 0.0377 0.9721 0.0657 0.9545
centralization +
standardization +
second derivative

Four preprocessing methods that were used in the single prediction model were also
used in the mixed prediction model. The data showed that the effect of using the original
spectrum to establish the mixed tree model was still poor. There were eight factors, the
correlation coefficient of the validation set was only 0.6927, and the root mean square error
of the validation set was 0.1651.
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The root mean square error was 0.0921, which decreased by 44.2%. In addition, the
correlation coefficient of the model validation set that was established by NIRS after
centralization, standardization, and first-order derivation was 0.9132, and the root mean
square error was 0.0803. However, the correlation coefficient of the model validation set
based on NIRS processed by centralization, standardization, and second derivative was
0.9545, and the root mean square error was 0.0657. As the results showed, the wood
moisture content prediction model was established with near-infrared spectral data
collected from different tree species. The model performance improved greatly when
proper original spectrum pretreatment was conducted. The linear fitting results of models
with different pretreatment methods are shown in Figs. 6 through 9. The highest model
correlation coefficient was observed with the centralization, standardization, and second
derivative processing, which had the best linear fitting.

* Calibration Set
e Validation Set

-
N
T

L * Calibration Set
e Validation Set

-
N

e
L[]
T
o
o
T

o
[=2]
T
e
(=2}
T

Predicted Value Of Moisture Content
Predicted Value Of Moisture Content

0.3 : - - 0.3 ' ‘ ‘
0.3 0.5 0.7 0.9 0.3 0.5 0.7 0.9
Measured Value Of Moisture Content Measured Value Of Moisture Content
Fig. 6. Original spectrum Fig. 7. Original spectrum + centralization +

standardization

£ 4,2} * Calibration Set £4.2L * Calibration Set
8" e Validation Set 2 e Validation Set
S 5
(] O
o g
=
209} F090
© 5]
2 S
5] 6
g 3
=
= - < 0.6+
g 0.6 g
: 3
I s
3 3
£03 . l . £ 0.3 . . ,
0.3 0.5 0.7 0.9 0.3 0.5 0.7 0.9
Measured Value Of Moisture Content Measured Value Of Moisture Content

Fig. 8. Original spectrum + centralization +

L2 . N Fig. 9. Original spectrum + centralization +
standardization + first derivative 9 9 b

standardization + second derivative

Zhou et al. (2022). “Prediction of moisture content,” BioResources 17(4), 5878-5889. 5886



PEER-REVIEWED ARTICLE b | oresources.com

CONCLUSIONS

1. Single and mixed tree species moisture content prediction models can be established
by near infrared spectrometry (NIRS) combined with the partial least squares method.
The correlation coefficient of the validation set was above 0.9 after centralization,
standardization, and derivative treatment.

2. The accuracy of the model prediction results can be effectively improved by spectrum
pretreatment. As oak was used to build models, the best prediction effect was obtained
after the model was treated with centralization, standardization, and second derivative,
and the correlation coefficient of validation set was 0.9021. Under the same model
processing method, the correlation coefficient of the validation set of ash tree reached
0.9661. The best effect can also be observed under the same model processing method.
In the mixed tree species prediction model, the best prediction effect was obtained after
the model was treated with centralization, standardization, and second derivative, and
the correlation coefficient of validation set was 0.9545.

3. After correlation, standardization, and second-order derivative treatment, the
correlation coefficients of the mixed tree prediction model were not significantly
different from those of the single tree prediction model.
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