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The physical and mechanical properties are key indexes for determining
the quality of particleboards. For this reason, a study on evaluating the
physical and mechanical properties of particleboard via a new method has
considerable value. Thus, a method based on principal component
regression (PCR) analysis and random forest (RF) is proposed in this
paper. First, the problems requiring resolution are described after
analyzing the production process parameters as well as the physical and
mechanical properties of particleboard. Then, an analysis and prediction
models based on the PCR and RF method is established. On the basis of
the PCR method, the key process parameters that affect various physical
and mechanical properties are determined. Based on the RF method, the
analysis and prediction model are built from the previously determined
process parameters of the physical and mechanical properties. Finally,
through experimental analysis, the effectiveness of the analysis and
prediction models based on the PCR and RF method are verified. This
work was able to determine the relationship between the process
parameters and the physical and mechanical properties, which can help
improve practical industrial manufacturing effectivity.
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INTRODUCTION
Particleboard refers to a type of wood-based panel, which is composed of pressed
particles from branches, small-diameter wood, fast-growing wood, and sawdust with
certain specifications (Kurt 2019; Kurt and Karayilmazlar 2019). Such materials are
generally dried at a certain temperature and pressure, then mixed with glue, hardener, and
a waterproofing agent. Particleboard is considered a renewable product, and it is generally
used in many industries, e.g., for interior fitments (including furniture), construction,
transportation, etc. (Hansted et al. 2019). Further studies and analyses regarding the
physical properties and production process of particleboards would be beneficial for the
improvement of their production processes and quality control. It would offer guidance in
terms of improving the quality, production efficiency, as well as providing economic
benefits (Hamzacebi 2016).
The physical and mechanical properties of particleboard are key indexes in
determining the quality. Determining the physical and mechanical properties of
particleboard during the production process is used to test and monitor the raw materials.
This helps guarantee the quality of the final products (Huang et al. 2020). The physical and
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mechanical properties are crucial indexes for weighting the quality of the final product.
Therefore, studying the impact of the process parameters on the final panel and the study
of how to acquire physical and mechanical properties are valuable (Boon et al. 2013).
A traditional orthogonal test is typically used to study the influence of process
parameters on the physical properties of the final panel, as demonstrated by Wu et al.
(2016). Sugahara et al. (2019) manufactured particleboard using bagasse and eucalyptus
slag pulp and tested its properties, i.e., the static bending strength, and internal bond
strength. It was shown that the use of bagasse and eucalyptus slag in the production of
high-density particleboard was feasible. Tupciauskas et al. (2019) proposed the use of nonformaldehyde biological-based adhesives in the particleboard production. Souza et al.
(2018) tested the impact of each process parameter and their interactions on the physical
and mechanical properties. The analysis was used to evaluate the feasibility of
manufacturing particleboard with new adhesive types.
It is difficult to determine the level of actual parameters affecting the quality of
particleboard in the production process because of the correlation of various process
parameters (Owodunni et al. 2020). Orthogonal testing focuses on arranging the test
scientifically in order to find the best combination of multiple factors. Nevertheless,
scholars expect to find a method characterized by low trial numbers, short term, and high
precision, as well as analyze the interaction among various factors. The response surface
method meets these requirements. Islam et al. (2012) optimized the processing parameters
of particleboard production via the response surface method. Nirdosha and Setunge (2006)
used an experimental design and the response surface method to study the formula and
process model made by waste wood obtained from hardwood sawmills. Then, an optimal
set of processing parameters was determined using the physical and mechanical properties
as well as economic considerations. Nazerian et al. (2015) determined the influence of four
parameters on the static bending strength, internal bond strength, and water swelling.
Nayeri et al. (2014) studied the influence of production parameters on the panel properties
via the response surface method, and statistically analyzed the test results. Subsequently,
the crucial parameters that had an impact on the panel properties were identified. However,
it has been demonstrated that the response surface method is not suitable for industrial
manufacturing. These tests require a large number of specimens and workers, which are
time-consuming, labor-intensive, and costly.
The development of artificial intelligence technology has impacted the analysis
process of physical and mechanical properties. It is considered a new testing method that
requires less time, energy, and cost in comparison to traditional methods. Ozsahin (2013)
used an artificial neural network model in order to predict the effects of certain production
process parameters on the physical and mechanical properties of particleboard. Based on
an artificial neural network, Esteban et al. (2009) determined the elastic modulus of wood
by predicting its density, moisture content, and other parameters. Fernandez et al. (2008)
resorted to artificial neural networks to predict the mechanical properties of particleboard.
Therefore, it has been proposed that artificial neural networks are superior to any other
multivariate regression model. Akyuz et al. (2017) used an artificial neural network to
predict the formaldehyde emission of particleboards under different process parameter
combinations. Valarmathi et al. (2020) analyzed various production conditions via an
adaptive network-based fuzzy inference system and studied the influence of the process
parameters on the surface roughness of particleboard. Considering that different process
parameters have different effects on different physical and mechanical properties,
unnecessary parameters will affect the prediction results when using all process parameters
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to predict the performance of particleboard (Kurt 2019). Therefore, this study uses a
method that combines the principal component regression (PCR) method and the random
forest (RF) method. First, the process parameters were analyzed via the PCR algorithm,
and then the RF algorithm (a novel technique in the field of artificial intelligence) was
used. This algorithm uses an integrated algorithm to further improve its accuracy and
shows remarkable performance in terms of both classification and regression (Schubert et
al. 2020). The PCR-RF method is used to analyze the process parameters and to predict
the physical and mechanical properties of particleboard.
The innovations in this study are as follows: first, this paper will determine the key
process parameters of different physical and mechanical properties through the analysis of
actual enterprise production data; second, by establishing a predictive model, the mapping
relation between process parameters and the physical and mechanical properties can be
effectively realized, providing a basis for practical industrial manufacturing.
There are five parts to this paper. The first part is a general introduction. In the
second part, the problems that will be solved are proposed and the process of solving these
problems is defined. In the third part, the datasets used in this article are described, the
physical performance analysis and the prediction model is built, and the implementation
process is defined via the usage of the PCR method. The key process parameters of
different physical and mechanical properties were analyzed via the usage of the RF method.
In addition, a mapping model between the process parameters and the physical and
mechanical properties was constructed. In the fourth part, the influencing factors and
mapping relations of the different physical and mechanical parameters were determined
via case analysis of eight different experiments, in order to prove the effectiveness of this
method. In the last part, the research of this paper is summarized and discussed, and future
research based off this study is defined.
Description of the Problems
The following three problems need to be resolved when establishing the analysis
and prediction model.
Problem 1: Utilizing artificial intellectual technology as the basis, a new analysis
and prediction model of the physical and mechanical properties of particleboard was
established. In the actual production of particleboard, wood, sawdust, adhesive, and other
raw materials ratio is fixed. Through the design of different process parameters, the
physical and mechanical properties of the particleboard were transformed. Therefore, there
are some mapping relationships between the physical and mechanical properties of
particleboard and process parameters that should be analyzed. The relationships between
the process parameters and the physical and mechanical properties of particleboard are
described in Fig. 1.
Problem 2: Determining the key process parameters was required when the
different physical and mechanical properties were analyzed. Different physical and
mechanical properties were influenced by different process parameters by different
degrees. Therefore, the key parameters were analyzed during the course of building the
model that analyzed physical and mechanical properties. This process can be described as
shown by Eq. 1,
𝑋𝑖 = 𝑓(𝑦𝑖 , 𝑋̃, 𝛼)
where 𝑦𝑖 (i = 1, 2,

(1)

, N ) is the ith physical and mechanical properties of particleboard, N is
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the number of physical and mechanical properties, 𝑋𝑖 = ( x1 , , xM )i is the key parameter sets
corresponding to 𝑦𝑖 , x j ( j = 1, , M ) is the j th the key parameter of particleboard, 𝑋̃ is the
overall process parameter sets, 𝑓(𝑦𝑖 , 𝑋̃, 𝛼) is the analysis process of the physical and
mechanical properties, and 𝛼 is the parameter sets in the analysis process of the physical
and mechanical properties.
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Fig. 1. The process parameters and physical and mechanical properties of particleboard

Problem 3: Predicting the different physical and mechanical properties of
particleboard requires the establishment of mapping relationships between the key process
parameters and the physical and mechanical properties. In practical production, some
corresponding relationships exist among the process parameters and the physical and
mechanical properties, which contributes to predicting the real qualities of particleboard.
Therefore, the relationship between the key process parameters and the physical and
mechanical properties was analyzed while establishing the prediction model of the physical
and mechanical properties. This analyzing process could be described as shown by Eq. 2,
𝑦𝑖 = 𝑔(𝑋𝑖 , 𝛽)

(2)

where 𝑔(𝑋𝑖 , 𝛽) is the prediction process of the physical and mechanical properties, and 𝛽
is the parameter sets in the prediction process of the physical and mechanical properties.
In summary, this paper primarily solves 𝑓(𝑦𝑖 , 𝑋̃, 𝛼) and 𝑔(𝑋𝑖 , 𝛽), and their corresponding
parameters sets (𝛼 and 𝛽).
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EXPERIMENTAL
Materials
The data set used in this experiment is a real data set from a particleboard company
in Shandong Province, China. The model number of these samples is 18E1P2, which is
furniture type particleboard used in dry condition. The product specification is 18 mm, and
the format is 1220 mm * 2440 mm. In this dataset, the wood raw materials of particleboard
are all shavings, gum, paraffin emulsion, curing agent, and other chemical raw materials
that have the same composition and ratio.
In terms of quantity, data were obtained twice a day at four-hour intervals. Based
on the half year output of an enterprise in a production line, a total of 341 samples were
collected. Each sample had 31 indicators, among which the first 23 indicators were process
parameters, and the last 8 indicators were physical and mechanical properties. The process
parameters were set by technicians according to experience. In the calculation of physical
and mechanical properties, the particleboard was first to cut into 6 small pieces of 50 mm
* 50 mm small particleboard pieces, and then the physical and mechanical properties of the
six particleboards were tested, respectively. Finally, the average value was calculated as
the physical and mechanical properties of the particleboard.
To verify the validity of the PCR-RF model, the data set was divided in a ratio of
2:8, with the first 272 samples in the data set as the training set and all samples as the test
set. The prediction ability of the model was determined by comparing the output values of
69 untrained samples in the test set with the real physical and mechanical properties of the
samples. By comparing the predicted results of the test set with the physical and mechanical
properties of the real samples, the validity of the key process parameters obtained from the
analysis was determined.
Prediction and Analyzing Model for Physical and Mechanical Properties
Using the Principal Component Regression-Random Forest (PCR-RF)
Method
The overall structure of the model
PCR and RF were combined to establish the model, which can be seen in Fig. 2.
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Predicted results of physical
and mechanical properties

The corresponding physical
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Fig. 2. Particleboard analysis and prediction model

The primary components of the particleboard analysis and prediction model are
defined as follows:
Step 1: the analysis model of the physical and mechanical properties was
constructed. Stemming from actual production, the data of the technical parameters as well
as the physical and mechanical properties were analyzed. The primary process parameters
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of each physical and mechanical property were determined via PCR.
Step 2: the prediction model of the physical and mechanical properties was
constructed. The primary process parameters were used as input, and the physical and
mechanical properties are used as output. The prediction results of the physical and
mechanical properties were generated based on RF.
Analysis Model of the Physical and Mechanical Properties Using the
Principal Component Regression (PCR) Method
Principal component regression is a method that analyzes and establishes a
regression relationship with the principal component as the independent variable. This
method is able to remove the multicollinearity problem and improve the final model (Liu
et al. 2003; Lou and Zhao 2012; Liu et al. 2015). The analysis model is shown in Fig. 3.
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Fig. 3. Analysis model of the physical and mechanical properties

Data standardization (step 1)
Suppose that there are 𝑛 samples and each of them has 𝑚 indicators. This process
can be described by Eqs. 3 and 4,
1

𝑥̄ 𝑖𝑗 =

𝑥𝑖𝑗 −𝑛 ∑𝑛
𝑖=1 𝑥𝑖𝑗
𝑆𝑖𝑗
1

𝑆𝑖𝑗 = √

𝑛−1

(𝑖 = 1,2, ⋯ , 𝑛; 𝑗 = 1,2, ⋯ , 𝑚)
1

∑𝑛𝑖=1(𝑥𝑖𝑗 − ∑𝑛𝑖=1 𝑥𝑖𝑗 )2
𝑛

(3)
(4)

where xij is the jth indicator of the ith sample, Sij is the standard deviation of the jth indicator,
and 𝑥̄ 𝑖𝑗 is the the indicator after xij was standardized.
Building matrix by calculating the correlation coefficient (step 2)
The process of calculating the correlation coefficient can be described by Eq. 5,
𝑟𝑖𝑗 =

∑𝑛
𝑘=1 𝑥̄ 𝑘𝑖 𝑥̄ 𝑘𝑗
𝑛−1

(𝑖, 𝑗 = 1,2, ⋯ , 𝑚)

(5)

where rij is the correlation coefficient of ith indicator and jth indicator, 𝑟𝑖𝑗 = 𝑟𝑗𝑖 , and all the
correlation coefficients rij form the correlation coefficient matrix 𝑅 = (𝑟𝑖𝑗 )𝑚×𝑚 .
Calculating eigenvalues and eigenvectors (step 3)
The correlation coefficient matrix was used to calculate the eigenvalues
(𝜆1 , 𝜆2 , ⋯ , 𝜆𝑚 ) and corresponding eigenvectors (𝜇1 , 𝜇2 , ⋯ , 𝜇𝑚 ).

Yang et al. (2021). “Analyzing particleboard properties,” BioResources 16(2), 2448-2471. 2453

PEER-REVIEWED ARTICLE

bioresources.com

Determining principal component (step 4)
The eigenvalues were sorted in descending order and the information contribution
rate corresponding to the eigenvalues were calculated. This process can be described by
Eqs. 6 and 7,
𝜆𝑗

𝑏𝑗 = ∑𝑚

𝑖=1 𝜆𝑖

∑𝑝

𝛼𝑝 = ∑𝑘=1
𝑚

(𝑗 = 1,2, … … , 𝑚)

𝜆𝑘

𝑘=1 𝜆𝑘

(𝑝 = 1,2, … … , 𝑚)

(6)
(7)

where bj is the information proportional contribution of the jth eigenvalue, αp is the
accumulative proportional contributions of the principal components (𝑧1 , 𝑧2 , ⋯ , 𝑧𝑝 ), and
when 𝑝 = 𝑚 𝛼𝑝 = 1. The number of principal components was selected in accordance
with the eigenvalues and accumulative contribution rates of the principal component. The
principal components that met the requirements of 𝜆𝑗 is greater than 1and 𝛼𝑝 is greater than
0.60 were chosen.
Regression result is formed (step 5)
Calculating the variable load of each principal component can be described by Eqs.
8 and 9,
𝑙𝑖𝑗 = ℎ(𝑧𝑖 , 𝑥𝑗 ) = √𝜆𝑖 𝜇𝑖𝑗 (𝑖, 𝑗 = 1,2, ⋯ , 𝑚)

(8)

𝑧𝑖 = 𝑙𝑖1 𝑥1 + 𝑙𝑖2 𝑥2 + ⋯ + 𝑙𝑖𝑚 𝑥𝑚

(9)

where μij is the jth component of vector μi, lij is the variable load of 𝑧𝑖 to 𝑥𝑗 , and ℎ(𝑧𝑖 , 𝑥𝑗 ) is
the calculation process of the variable load. For the output y, using the selected p number
of the principal components to perform multiple linear fitting, the output regression model
was obtained, as shown in Eq. 10,
𝑦 = 𝑐 + 𝜔1 𝑧1 + 𝜔2 𝑧2 + ⋯ + 𝜔𝑝 𝑧𝑝 = 𝑐 + 𝜔1 (𝑙11 𝑥1 + 𝑙12 𝑥2 + 𝑙13 𝑥3 + ⋯ +
𝑙1𝑚 𝑥𝑚 ) + 𝜔2 (𝑙21 𝑥1 + 𝑙22 𝑥2 + 𝑙23 𝑥3 + ⋯ + 𝑙2𝑚 𝑥𝑚 ) + ⋯ + 𝜔𝑝 (𝑙𝑝1 𝑥1 + 𝑙𝑝2 𝑥2 +
𝑙𝑝3 𝑥3 + ⋯ + 𝑙𝑝𝑚 𝑥𝑚 ) = 𝑐 + (𝜔1 𝑙11 + 𝜔2 𝑙21 + ⋯ + 𝜔𝑝 𝑙𝑝1 )𝑥1 + (𝜔1 𝑙12 +
𝜔2 𝑙22 + ⋯ + 𝜔𝑝 𝑙𝑝2 )𝑥2 + ⋯ + (𝜔1 𝑙1𝑚 + 𝜔2 𝑙2𝑚 + ⋯ + 𝜔𝑝 𝑙𝑝𝑚 )𝑥𝑚
(10)
where 𝑐 is constant, and 𝜔𝑖 (𝑖 = 1, ⋯ , 𝑝) is the weight coefficient of each principal
component. Contrasting the coefficients before 𝑥1 , 𝑥2 , ⋯ , 𝑥𝑚 , the larger the coefficient, the
greater the influence of the independent variable on the output. By sorting the coefficients
and selecting the independent variables corresponding to the maximum 𝑏(𝑏 = 1, ⋯ , 𝑚)
coefficients, the results are the key process parameters corresponding to output 𝑦.
Prediction Model of the Physical and Mechanical Properties Using the
Random Forest (RF) Method
The RF algorithm, which is based on the Bagging algorithm, introduces an
integrated learning method featuring random selection characteristics. With a decision tree
as the base classification, a classifier is integrated through imitating a forest structure
(Svetnik et al. 2003; Belgiu and Drăguţ 2016; Tyralis et al. 2019). The prediction model is
shown in Fig. 4, and it is outlined below.
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Fig. 4. Prediction model using the random forest algorithm

First, the data set, which consists of the key process parameters determined via PCR
analysis and correspondence with the physical and mechanical properties, was collected.
The m samples were put from the data set each time to form a sampling set D, which is
repeated T times to generate a total of 𝐷𝑡 (𝑡 = 1, ⋯ , 𝑇) sample sets.
Next, the T decision trees were obtained by using sample set Dt to train the decision
trees model Gt(X). When choosing the node for the decision tree model, the best trait in the
whole node samples feature (k) is selected to make the dividing points of the left and right
sub-tree (the split operation). When selecting a trait, the indicator impurity of the subbranch is regarded as the base. The gene coefficient, information entropy, or information
gain was regarded as the impurity measurement basis for classification problems.
The MSE (mean squared error) or RMSE (root mean square error) value was taken
as the basis of the impurity valuation for regression problems. The MSE value was adopted
in this experiment as the split base, which was calculated by Eq. 11 and Eq. 12,
𝑀𝑆𝐸 = ∑𝑆𝑎=1 (𝑂𝑎 − ∑𝑆𝑎=1

𝑂𝑎 2
𝑛

)

𝐺(𝑥𝑖 , 𝑣𝑖𝑗 ) = 𝑀𝑆𝐸𝑙𝑒𝑓𝑡 + 𝑀𝑆𝐸𝑟𝑖𝑔ℎ𝑡

(11)
(12)

where 𝑥𝑖 is the ith segmentation variables, vij is the segmentation value of the segmentation
variables, n is the number of training samples after segmentation, Oa is the goal value of
the 𝑎𝑡ℎ(𝑎 = 1, ⋯ , 𝑆) sample after segmentation, MSEleft is the MSE of the segmented-leftsubset, MSEright is the MSE value of the segmented-right-subset, and 𝐺(𝑥𝑖 , 𝑣𝑖𝑗 ) is the
impurity of each node. The feature and value that minimize the sum of the MSE values of
the left and right sets after splitting as the node were selected, i.e., the best segmentation
feature and the best segmentation value. The above calculations were repeated for the
remaining features until all training samples of all child nodes belonged to the same class
or k = 0.
Finally, the regression results obtained via the arithmetic average obtained from the
T decision trees were fed into the model to predict the results.
In the process of particleboard production, enterprises have different requirements
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for different physical and mechanical particleboard properties. Therefore, the key process
parameters affected by different physical and mechanical properties were found, which is
helpful for the effective adjustment of the process parameters during actual production.
When the material ratio and production equipment of the produced particleboards
are fixed, the process parameters of the particleboard become the key factors affecting the
physical and mechanical properties. Therefore, the physical and mechanical properties of
particleboard can be predicted via the process parameters, which can effectively be utilized
as a testing for particleboard.

RESULTS
This study aimed to create a predictive model to predict the physical and
mechanical properties of particleboard in accordance with process parameters. During
actual production, considering that the process parameters do not independently exist and
there is a certain linear dependence, this will affect the final prediction results. Therefore,
the combination of the principal component regression analysis algorithm and the random
forest algorithm was selected to create the PCR-RF model. The specific steps are as
follows:
Step 1: The 23 process parameters from the particleboard manufacturing process
(as shown in Fig. 1) were formed into the original matrix, with a total of 341 sets of data
and 23 indicators. In order to eliminate the dimensional influence between the indicators
and ensure the comparability of the final errors, the samples were normalized to form a
data set. This data set was analyzed via the principal component analysis method.
Step 2: The matrix was standardized to form a new matrix (Eqs. 3 and 4); the
correlation coefficient was calculated among the indicators in the new matrix in order to
form the correlation coefficient matrix (Eq. 5). Then, the eigenvalues and eigenvectors
were calculated using the correlation coefficient matrix, and the information contribution
rate of each eigenvalue was calculated (Eq. 6).
Step 3: The eigenvalues were sorted in descending order, and their cumulative
information contribution rate was calculated (Eq. 7). The number of principal components
was selected according to the following rules: The eigenvalue was greater than 1 and the
cumulative information contribution rate was greater than 60%. In this experiment, the
number of eigenvalues that were greater than 1 was 6, with a cumulative information
contribution rate of 67.82%. It conformed to the rules mentioned above, so the number of
principal components in this experiment was chosen as 6.
Step 4: With different physical and mechanical properties as the output, the 6
principal components were subjected to stepwise regression to obtain the results of the
principal component regression analysis (Eqs. 8 and 9). According to the different physical
and mechanical properties (Fig. 1), the corresponding linear fitting equations were built
(Eq. 10). These equations used a logistic regression formula with the key process
parameters as the original independent variables and the various physical and mechanical
properties as the dependent variables. Then, the independent variables with considerable
influence on the dependent variable were selected as the key process parameters, according
to the independent variable coefficient size in the formula.
Step 5: In order to verify the validity of the model, for each physical and mechanical
properties, its corresponding key process parameter was selected. They were used to form
a matrix for each physical and mechanical property in this experiment, which was used as
the data set the RF algorithm.
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Step 6: By taking samples from the data set via replacement sampling to form a
data subset, the decision tree was constructed (Eqs.11 and 12). Finally, the results of all the
decision trees were averaged to obtain the prediction results of the random forest. The
random forest parameters used in this experiment are shown in Table 1.
Table 1. Random Forest Parameters
Parameter
Number of decision trees
Maximum depth
Minimum sample split requirement
Maximum characteristic number participating in judgment during split
Minimum sample number of leaf nodes
Maximum number of leaf nodes

Value
100
None
2
6 or 7
1
Infinite

Analysis and Prediction of the Internal Bonding Strength
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the internal bonding strength of the particleboard as
the output, a stepwise regression was performed on the principal components, and the
output regression model is shown in Eq. 13,

y1 = 0.605570 - 0.072435 x1 - 0.056004 x2 - 0.074989 x3 - 0.044446 x4
+0.010888 x5 + 0.035514 x6 + 0.126212 x7 - 0.082616 x8 + 0.002813x9
+0.035124 x10 + 0.088735 x11 - 0.024234 x12 - 0.023724 x13 + 0.035229 x14
+0.035965 x15 + 0.016307 x16 - 0.047674 x17 - 0.017616 x18 - 0.010784 x19
+0.035776 x20 - 0.118065 x21 + 0.086418 x22 - 0.062661x23
(13)
where the definition of x1 ~ x23 and y1 ~ y8 in Eqs. 13 to 20 are shown in Table 2.
Table 2. Definition of Some Parameters
Variable
x1
x2
x3
x4
x5
x6
x7
x8
x9
x10
x11
x12
x13
x14
x15
x16
x17
x18
x19

Definition
Dry moisture content
Sizing amount of surface material
Surface paraffin emulsion
The surface water
Core layer sizing amount
Paraffin emulsion for core material
Core curing agent
Moisture content of the surface layer mixed with glue
Moisture content of core layer after mixing with glue
Table core layer ratio
Paving slab quality
Surface metering band speed (up)
Surface metering band speed (bottom)
Core metering Band speed (South)
Core metering Band speed (North)
Large belt speed
Hot pressing pressure (one section)
Hot pressing pressure (second section)
Hot pressing pressure (three section)

Unit
%
%
%
%
%
%
%
%
%
%
kg
m/s
m/s
m/s
m/s
m/s
N
N
N
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x20
x21
x22
x23
y1
y2
y3
y4
y5
y6
y7
y8

Hot pressing pressure (four section)
Hot pressing time
Inlet steam temperature of hot press
Outlet steam temperature of hot press
Internal bonding strength
Modulus of rupture
Modulus of elasticity
Surface binding strength
Screw holding force (surface)
Screw holding force (side)
Water absorption thickness expansion rate
Density

N
s
℃
℃
MPa
MPa
MPa
MPa
N
N
(2h)/%
kg/m3

Internal Bonding Strength

With 272 specimens as the training set, all samples as the test set, and the internal
bonding strength of particleboard and its corresponding seven process parameters as the
index, the results of predicting the internal bonding strength of particleboard via the
random forest algorithm are shown in Fig. 5.

Number of Samples
Fig. 5. Prediction of the internal bonding strength of particleboard

Utilizing principal component regression analysis, different prediction methods
were adopted to determine the physical and mechanical properties of particleboard. The
results are shown in Table 3.
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Table 3. Comparison of Different Prediction Methods (Internal Bonding Strength)
MSE

BP

RBF

ELM

RF

0.0124

0.0141

0.0341

0.0057

Analysis and Prediction of the Modulus of Rupture
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the modulus of rupture of the particleboard as the
output, a stepwise regression was performed on the principal components, and the output
regression model is shown in Eq. 14,

y2 = 0.703218 + 0.054146 x1 + 0.012434 x2 + 0.092546 x3 - 0.012035 x4
-0.045651x5 + 0.072918 x6 - 0.005851x7 - 0.055389 x8 - 0.080079 x9
-0.040012 x10 + 0.076480 x11 + 0.019899 x12 + 0.019965 x13 + 0.036221x14
+0.037234 x15 + 0.006252 x 16 -0.094936 x17 - 0.064098 x18 - 0.046891x19
+0.052949 x 20 -0.051030 x21 - 0.116585 x22 - 0.073161x23
(14)

Modulus of Rupture

With 272 samples as the training set, all samples as the test set, and the modulus of
rupture of particleboard and its corresponding seven process parameters as the index, the
results of predicting the modulus of rupture of particleboard via the random forest
algorithm are shown in Fig. 6.

Number of Samples
Fig. 6. Prediction of the modulus of rupture of particleboard
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Utilizing principal component regression analysis, different prediction methods
were adopted to determine the physical and mechanical properties of particleboard. The
results are shown in Table 4.
Table 4. Comparison of Different Prediction Methods (Modulus of Rupture)
MSE

BP

RBF

ELM

RF

0.0380

0.0179

0.0296

0.0086

Analysis and Prediction of the Modulus of Elasticity
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the modulus of elasticity of the particleboard as the
output, a stepwise regression was performed on the principal components, and the output
regression model is shown in Eq. 15,
y3 = 0.481653 + 0.030942 x1 + 0.002001x2 + 0.076118 x3 - 0.037457 x4

+0.025105 x5 - 0.082178 x6 - 0.088099 x7 + 0.025155 x8 + 0.008740 x9
+0.007658 x10 - 0.052365 x11 + 0.037260 x12 + 0.037362 x13 + 0.074186 x14
+0.073923x15 + 0.039823x16 - 0.040867 x17 - 0.036753x18 - 0.016024 x19
+0.035078 x20 + 0.024400 x21 - 0.048327 x22 - 0.068121x23
(15)

Modulus of Elasticity

With 272 samples as the training set, all samples as the test set, and the modulus of
elasticity of particleboard and its corresponding seven process parameters as the index, the
results of predicting the modulus of elasticity of particleboard via the random forest
algorithm are shown in Fig. 7.

Number of Samples
Fig. 7. Prediction of the modulus of elasticity of particleboard
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Utilizing principal component regression analysis, different prediction methods
were adopted to determine the physical and mechanical properties of particleboard. The
results are shown in Table 5.
Table 5. Comparison of Different Prediction Methods (Modulus of Elasticity)
MSE

BP

RBF

ELM

RF

0.0314

0.0218

0.0582

0.0097

Analysis and Prediction of the Surface Binding Strength
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the surface binding strength of the particleboard as
the output, a stepwise regression was performed on the principal components, and the
output regression model is shown in Eq. 16,

y4 = 0.519109 + 0.054768 x1 + 0.036005 x2 + 0.077236 x3 - 0.012776 x4
+0.002768 x5 - 0.040177 x6 - 0.081475 x7 + 0.048161x8 + 0.020504 x9
-0.026162 x10 - 0.054474 x11 + 0.014953x12 + 0.014804 x13 + 0.004548 x14
+0.004285 x15 - 0.001939 x16 + 0.019017 x17 - 0.001869 x18 + 0.004644 x19
-0.008229 x20 + 0.072447 x21 - 0.076555 x22 + 0.007206 x23
(16)

Surface Binding Strength

With 272 samples as the training set, all samples as the test set, and the surface
binding strength of particleboard and its corresponding seven process parameters as the
index, the results of predicting the surface binding strength of particleboard via the random
forest algorithm are shown in Fig. 8.

Number of Samples
Fig. 8. Prediction of the surface binding strength of particleboard
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Utilizing principal component regression analysis, different prediction methods
were adopted to determine the physical and mechanical properties of particleboard. The
results are shown in Table 6.
Table 6. Comparison of Different Prediction Methods (Surface Binding Strength)
MSE

BP

RBF

ELM

RF

0.0125

0.0125

0.0386

0.0050

Analysis and Prediction of the Screw Holding Force (Surface)
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the screw holding force (surface) of the particleboard
as the output, a stepwise regression was performed on the principal components, and the
output regression model is shown in Eq. 17,

y5 = 0.669005 - 0.097406 x1 - 0.051363x2 - 0.055230 x3 - 0.022063x4
-0.009092 x5 - 0.026988 x6 + 0.041805 x7 - 0.059144 x8 - 0.055358 x9
+0.043580 x10 + 0.028967 x11 - 0.010955 x12 - 0.010527 x13 + 0.063515 x14
+0.063632 x15 + 0.030138 x16 - 0.091817 x17 - 0.041386 x18 - 0.023792 x19
+0.118010 x20 - 0.099361x21 + 0.032299 x22 - 0.102979 x23
(17)

Screw Holding Force (Surface)

With 272 samples as the training set, all samples as the test set, and the screw
holding force (surface) of particleboard and its corresponding seven process parameters as
the index, the results of predicting the screw holding force (surface) of particleboard via
the random forest algorithm are shown in Fig. 9.

Number of Samples
Fig. 9. Prediction of the screw holding force (surface) of particleboard
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Utilizing principal component regression analysis, different prediction methods
were adopted to determine the physical and mechanical properties of particleboard. The
results are shown in Table 7.
Table 7. Comparison of Different Prediction Methods (Screw Holding Force
(Surface))
MSE

BP

RBF

ELM

RF

0.0176

0.0164

0.0464

0.0078

Analysis and Prediction of the Screw Holding Force (Side)
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the screw holding force (side) of the particleboard
as the output, a stepwise regression was performed on the principal components, and the
output regression model is shown in Eq. 18,

y6 = 0.688623 - 0.138726 x1 - 0.077150 x2 - 0.117897 x3 - 0.021526 x4
+0.002825 x5 - 0.027961x6 + 0.100637 x7 - 0.070716 x8 - 0.054028 x9
+0.072829 x10 + 0.046400 x11 - 0.007981x12 - 0.007383x13 + 0.065012 x14
+0.064823x15 + 0.042678 x16 - 0.086084 x17 - 0.028357 x18 - 0.012830 x19
+0.132570 x20 - 0.155551x21 + 0.103502 x22 - 0.111674 x23
(18)

Screw Holding Force (Side)

With 272 samples as the training set, all samples as the test set, and the screw
holding force (side) of particleboard and its corresponding seven process parameters as the
index, the results of predicting the screw holding force (side) of particleboard via the
random forest algorithm are shown in Fig. 10.

Number of Samples
Fig. 10. Prediction of the screw holding force (side) of particleboard
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Utilizing principal component regression analysis, different prediction methods
were adopted to determine the physical and mechanical properties of particleboard. The
results are shown in Table 8.
Table 8. Comparison of Different Prediction Methods (Screw Holding Force
(Side))
MSE

BP

RBF

ELM

RF

0.0305

0.0204

0.0515

0.0090

Analysis and Prediction of the Water Absorption Thickness Expansion Rate
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the water absorption thickness expansion rate of the
particleboard as the output, a stepwise regression was performed on the principal
components, and the output regression model is shown in Eq. 19,

y7 = 0.735363 - 0.106168 x1 - 0.068115 x2 - 0.103375 x3 - 0.028104 x4
+0.015763 x5 - 0.010808 x6 + 0.105413 x7 - 0.064832 x8 - 0.017856 x9
+0.061185 x10 + 0.052785 x11 - 0.009950 x12 - 0.009424 x13 + 0.050253x14
+0.050304 x15 + 0.034082 x16 - 0.056528 x17 - 0.016427 x18 - 0.007033 x19
+0.076070 x20 - 0.129769 x21 + 0.110511x22 - 0.080066 x23
(19)

Water Absorption
Thickness Expansion Rate

With 272 samples as the training set, all samples as the test set, and the water
absorption thickness expansion rate of particleboard and its corresponding seven process
parameters as the index, the results of predicting the water absorption thickness expansion
rate of particleboard via the random forest algorithm are shown in Fig. 11.

Number of Samples
Fig. 11. Prediction of the water absorption thickness expansion rate of particleboard
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The random forest algorithm was utilized as the prediction method to analyze the
original data set with different regression analysis methods. The study applied different
prediction methods to predict the physical and mechanical properties of particleboard, and
the results shown in Table 9.
Table 9. Comparison of Different Prediction Methods (Water Absorption
Thickness Expansion Rate)
MSE

BP

RBF

ELM

RF

0.0159

0.0170

0.0500

0.0062

Analysis and Prediction of Density
The six principal components from the 23 process parameters were calculated via
principal component analysis. Taking the density of the particleboard as the output, a
stepwise regression was performed on the principal components, and the output regression
model is shown in Eq. 20,
y8 = 0.361925 - 0.102719 x1 - 0.008702 x2 - 0.114600 x3 + 0.086619 x4

-0.043692 x5 - 0.001625 x6 + 0.008571x7 + 0.009721x8 - 0.070910 x9
+0.022338 x10 - 0.033168 x11 - 0.036279 x12 - 0.036521x13 - 0.064646 x14
-0.065472 x15 - 0.030773x16 + 0.015433x17 + 0.033563x18 + 0.015367 x19
+0.053819 x20 - 0.002111x21 + 0.041554 x22 + 0.051365x23

Density

(20)

Number of Samples
Fig. 12. Prediction of Density of particleboard
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With 242 samples as the training set, all samples as the test set, and the density of
particleboard and its corresponding seven process parameters as the index, the results of
predicting the density of particleboard via the random forest algorithm are shown in Fig.
11.
The random forest algorithm was utilized as the prediction method to analyze the
original data set with different regression analysis methods. The study applied different
prediction methods to predict the physical and mechanical properties of particleboard, and
the results shown in Table 10.
Table 10. Comparison of Different Prediction Methods (Density)
MSE

BP

RBF

ELM

RF

0.0482

0.0314

0.0500

0.0126

For Eq. 13-Eq. 20, the results of regression ability analysis are shown in Table 11.
Table 11. Root Mean Squared Error (RMSE) and Determination Coefficient (R2)
of each Regression Equation
RMSE
R2

Eq. 13
0.1160
0.9647

Eq. 14
0.1329
0.9655

Eq. 15
0.1444
0.9166

Eq. 16
0.1079
0.9581

Eq. 17
0.1295
0.9641

Eq. 18
0.1332
0.9645

Eq. 19
0.1116
0.9779

Eq. 20
0.1698
0.7922

DISCUSSION
Through Eqs. 13 to 20, the key process parameters that affect different physical and
mechanical properties were obtained in this paper, as shown in Table 12. Some process
parameters have positive effects on the final physical and mechanical properties, while
some process parameters had negative effects. In addition, each physical and mechanical
property had certain process parameters that had the most significant impact on it.
As shown in Tables 3 to 10, different machine learning methods to predict the
results of the MSE value yielded different results. The RF effect on the physical and
mechanical properties of particleboard prediction was the best, followed by BP and RBF.
The effect of the ELM was the worst. It may be that the RF adopted the thought of
integrated study, can, by using the method of integration of multiple decision trees to
reduce the generalization error, get the best results. Other methods, as derivative methods
of neural networks, may require more samples to obtain more accurate prediction results.
Take the internal bonding strength of particleboard as an example, as shown in Fig.
5. The physical and mechanical properties of the original data are basically consistent with
the physical and mechanical properties predicted by the PCR-RF model, which shows the
effectiveness of the key process parameters analyzed by the model.
In this experiment, last 69 samples in the data set were not trained. These 69
samples were input into the model, and the prediction ability of the model could be verified
by comparing the output values of the model with the real physical and mechanical
properties of the samples. As shown in Fig. 13, the physical and mechanical properties of
particleboard predicted by the PCR-RF model are roughly similar to those of the actual
particleboard, which proves the predictive ability of the model.

Yang et al. (2021). “Analyzing particleboard properties,” BioResources 16(2), 2448-2471. 2466

bioresources.com

Density

PEER-REVIEWED ARTICLE

Number of Samples
Fig. 13. Prediction results of the last 69 samples of the internal bonding strength in Particleboard

Table 12. Relationship between Process Parameters and Physical and
Mechanical Properties
Physical
mechanical
properties

Positive correlation of
key parameters

Negative correlation of key
parameters

Internal bonding
strength

Core curing agent,
Paving slab quality,
Outlet steam
temperature of hot
press
Surface paraffin
emulsion, Paraffin
emulsion for core
material, Paving slab
quality
Surface paraffin
emulsion, Core
metering Band speed
(South), Core
metering Band speed
(North)
Dry moisture content,
Surface paraffin
emulsion, Moisture
content of the surface
layer mixed with glue,
Hot pressing time

Dry moisture content, Surface
paraffin emulsion, Moisture content
of the surface layer mixed with glue,
Hot pressing time

Modulus of
rupture

Modulus of
elasticity

Surface binding
strength

The key
parameters
that have
the most
impact
Core curing
agent

Moisture content of core layer after
mixing with glue, Hot pressing
pressure (one section), Inlet steam
temperature of hot press, Outlet
steam temperature of hot press
Paraffin emulsion for core material,
Core curing agent, Paving slab
quality, Outlet steam temperature of
hot press

Inlet steam
temperature
of hot press

Core curing agent, Paving slab
quality, Inlet steam temperature of
hot press

Core curing
agent

Core curing
agent
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Screw holding
force (surface)

Screw holding
force (side)

Water
absorption
thickness
expansion rate
Density

Core metering Band
speed (South), Core
metering Band speed
(North), Hot pressing
pressure (four
section)
Core curing agent,
Hot pressing pressure
(four section), Inlet
steam temperature of
hot press
Core curing agent,
Hot pressing pressure
(four section), Inlet
steam temperature of
hot press
The surface water,
Hot pressing pressure
(four section)

bioresources.com
Dry moisture content, Hot pressing
pressure (one section), Hot pressing
time, Outlet steam temperature of
hot press

Hot
pressing
pressure
(four
section)

Dry moisture content, Surface
paraffin emulsion, Hot pressing
time, Outlet steam temperature of
hot press

Hot
pressing
time

Dry moisture content, Surface
paraffin emulsion, Hot pressing
time, Outlet steam temperature of
hot press

Hot
pressing
time

Dry moisture content, Surface
paraffin emulsion, Moisture content
of core layer after mixing with glue,
Core metering Band speed (South),
Core metering Band speed (North)

Surface
paraffin
emulsion

Future Opportunities
In future research, the RF structure and parameters will be optimized, and the
prediction accuracy of the model will be improved. The application of deep learning
technology in particleboard production will be explored. More analysis methods will be
used to analyze the key process parameters.

CONCLUSIONS
1. This paper has established that the physical and mechanical properties of particleboard
can be predicted by artificial intelligence based on the process parameters. Among the
common machine learning methods, the prediction effect of random forest is the best.
2. The PCR method can effectively analyze the process parameters that affect the
performance of particleboard, so as to find the corresponding production stage, further
improve the quality of particleboard, and provide direction for actual production.
3. The PCR-RF method proposed in this paper combines particleboard with artificial
intelligence technology. This method not only can reduce the cost, time, and energy of
enterprises in measuring the physical and mechanical properties of particleboard, but
also find the key process parameters corresponding to the physical and mechanical
properties of particleboard, so as to help the production of particleboard.
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