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Abstract: Many tree species are planted in China with variable properties and usage. Toward exploring the structure-properties relationships of wood and classifying the species more reasonably, the physiomechanical properties of the domestic wood species in China were analyzed statistically. According to the correlation analysis, the mechanical properties were closely related to the wood density. Except impact toughness and cleavage strength, the correlation coefficients between mechanical properties and densities were more than 0.8. However, shrinkage properties showed fewer correlations with densities, and the coefficient was no more than 0.7. Primary component analysis was proved to be feasible to explore the information of the physiomechanical properties. Two principal components (PC1 and PC2) could account for most of the information. PC1 and PC2 were designated as density-dominated and shrinkage-associated factors, respectively. The domestic wood species in China could be classified into 4 clusters based on their physiomechanical properties. According to the cluster results, reasonable grading was proposed for air-dried density, volume shrinkage, modulus of rupture, compression strength parallel to grain and hardness in cross section. The statistical results brought insights into analyzing the physiomechanical properties of domestic Chinese wood species, which was helpful for developing strategies of tree breeding and technologies of wood processing.
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1  Introduction

Wood is a biologically renewable resource in the process of human life and production. There are more than 60,000 tree species recorded worldwide, and more than 4,000 species are found in China [1]. The application range of wood is quite wide. Some wood species are suitable for building and construction. Some are commonly used for manufacturing furniture and floor, and some are particularly suitable for papermaking [2,3]. The different applications are attributed to the variability and heterogeneity of the structural constituents of wood. To better understand the “structure-properties-applications” relationships of wood and more efficiently use of wood, reasonable classification of wood species is very important.

It is widely recognized that wood can be classified based on its structural features, including the anatomical characteristics [4], surface color [5–7] and texture characteristics [8–10]. Chao et al. [8] classified wood species based on the surface texture. By using algorithm logic, the recognition rate was as high as 98%. Bardarov et al. [4] proposed a computer vision method to characterize the location, arrangement and morphology of vessel pores. By using these characteristics of vessel pores, an algorithm of classification was developed. Yang et al. [7] compared the variation in color features, and achieved a better classification of common tree species from the northeastern area of China.

Wood is composed of a certain proportion of cellulose, hemicellulose and lignin. The chemical composition of wood varies at different levels (species, cell and cell wall). The chemical spectroscopy is capable of extracting and analyzing the difference of chemical components, and wood species can be classified consequently [11–13]. Lavine et al. [12] extracted the Raman spectrum characteristics from several wood species, and classified the tropical and temperate woods. Yang et al. [14] investigated the classification of softwood and hardwood by using near infrared spectroscopy (NIR). Carballo-Meilan et al. [13] investigated the chemical differences of cellulose, hemicellulose, and lignin in wood and used Fourier infrared spectroscopy and multivariate analysis to classify wood samples.

The variations of structure and chemical characteristics behave as different physiomechanical properties of wood. Among the numerous properties, density determines the physiomechanical properties of wood to a large extent, which is reflected in the availability of a wide range of wood materials properties [15–18]. It is reasonable to classify wood species based on density and a series of physiomechanical properties. In the past, people mainly relied on experiences to classify wood species, and the results were often subjective and arbitrary. In modern research works, statistical analysis is powerful for processing complex data and analyzing the inter-relations [19]. Statistical methods, including correlation analysis, principal component analysis (PCA) and cluster analysis, are frequently used in wood science [20–23]. Caixeta et al. [24] used cluster analysis to classify eucalyptus of different genotypes according to their physical, mechanical and chemical properties. Zhao [25] established a database for Shanxi commercial timber by an expert system, and a classification of 60 wood species was obtained according to the suggestions from the expert system. Guo et al. [26] evaluated the effect of heat treatment on the properties of wood, and performed a cluster analysis on the measured properties. Hannrup et al. [27] studied the genetic relationship between families by analyzing the correlation between density and tracheid size of early- and latewood. Booi et al. [28] dissected a large number of fossil woods of Araceae and 6 modern species, and distinguished the fossil and modern woods by multivariable PCA. Vieira et al. [29] analyzed the acquired near-infrared spectra of three sections of wood by PCA, and distinguished the wood and charcoal of 4 tree species in the Myrtaceae family. These results prove that the statistical methods are applicable to the analysis of physiomechanical properties of wood.

Although statistical analysis has been used for processing complex data in wood science, the classification of wood species with respect to their physiomechanical properties is rare. The reason is twofold: 1) There are many physiomechanical properties, and these properties have certain variations among and within wood species [30]; 2) The recognition accuracy is low when extracting information from the properties [31]. Rational classification based on the physiomechanical properties is helpful for exploring the “properties-applications” relationships of wood and its rational utilizations. Hence, in this study, we attempted to classify the domestic wood species in China based on their physiomechanical properties. The numerous properties were dimensional reduced by the statistical analysis methods, including correlation analysis, PCA and cluster analysis. Based on the statistical analysis, the rational classification of domestic wood species in China was proposed, as well as the grading of the properties was designated.

2  Materials and Methods

2.1 Original Data

Original data of the physiomechanical properties were adopted from the book “Wood Physical and Mechanical Properties of Main Tree Species in China” [32]. A total of 283 wood species were collected by several universities and institutes of China. 21 physical and mechanical properties were tested, including basic density (BDen), air-dried density (ADen), radial shrinkage coefficient (ShR), tangential shrinkage coefficient (ShT), volume shrinkage coefficient (ShV), modulus of elasticity (MOE), modulus of rupture (MOR), shear strength in radial section (SSR), shear strength in tangential section (SST), compression strength in longitudinal (CSL), radial (CSR) and tangential direction (CST), local compression strength in radial (LCSR) and tangential direction (LCST), tension strength in longitudinal direction (TSL), impact toughness (IT), hardness in cross (HC), radial (HR) and tangential section (HT), cleavage strength in radial (ClSR) and tangential section (ClST). The above-mentioned properties of all the wood species are compiled in Supplementary Material S1. Concerning the forest management, which may influence the wood quality [33], the specific factors such as soil quality, fertilizer categories, sunlight, and precipitation caused the property differences between and within wood species. In this article, at least 5 samples were taken from the same tree species, and the property data were used for analyzing the structure-property relationships. Environmental factors were neglected.

2.2 Methods

For ease of the description for the statistical analysis, in this study, the wood species were taken as samples, and the properties were taken as variables.

2.2.1 Correlation Analysis

Correlation analysis refers to the analysis of two or more correlated variables factors, so as to measure the closeness of the two variables [34]. The correlation coefficient rXY was calculated as:


rXY=CovXYVarXVarY
(1)

where X and Y are any two variables among the 21 collected ones; CovXY is the covariance of X and Y. VarX and VarY are the variances of X and Y, respectively. rXY ranges between –1 and 1. When the value was higher than 0, there was a positive correlation between X and Y, and vice versa.

2.2.2 Principal Component Analysis (PCA)

PCA refers to replacing the original variables with fewer new variables, and making these fewer variables retain as much of the information reflected by the original variables as possible [35] .

PCA was carried out by the statistical software, SPSS version 17.0 (SPSS Inc., Chicago, IL, USA). Firstly, the average value 
(x¯k
) and standard deviation (
Sk)
of each variable X were calculated. Secondly, all the variables were standardized (x’ik or x’jk) to make sure the value of the variance of each variable was 1. Then, the correlated matrix R of the variable and the standardized correlation coefficient rij were calculated


R=(r11…r1p⋮⋱⋮rp1⋯rpp)
(2a)


rij=(∑k=1nxik′⋅xjk′)/(n−1)(i,j=1,2…,p)
(2b)


xik′=Xik−x¯kSk(i=1,2…,n;k=1,2…,p)
(2c)

where x is each property, p is the quantity of variables (21), n is the total number of the samples (222). According to the matrix R, non-negative eigenvalues (λp) and eigenvectors were calculated with a total number of p (λ1 > λ2 > … > λp ≥ 0) [36]. Based on the eigenvectors and the standardized properties (xs), new variables (Z1, Z2, …, Zp) were created to present all the physiomechanical properties.

Dimensionality reduction was carried out by calculating the ratio of variances (a):


a=(∑i=1mSik)/(∑j=1pSjk)
(3)

where m is the number of principal components, Sik and Sjk are the variances. Once the value of a was higher than 0.85, the information of the original variables (x1, x2, …, xp) was basically remained.

2.2.3 Cluster Analysis

Cluster analysis is a method for merging data structures into categories when there is no prior classification. When using the cluster analysis, the tree species were classified based on their physical and mechanical properties [37]. The main processes of the cluster analysis are depicted as follows:

(1) A standardized transformation was performed by the Eq. (2c).

(2) The Euclidean distance (Dij) between any two samples was calculated as:


Dij=[∑k=1i(xik′−xjk′)2]12(i,j=1,2,…,n;k=1,2,…,p)
(4)

(3) The distance between category and category was calculated. n samples were divided into M categories. The sum of squared deviations 
(Si(M))
of class I was calculated as:


Si(M)=∑i=1ni(Xij−x¯j)T(Xij−x¯j)
(5)

where ni is the number of samples of category I. Two categories (Gp, Gq) in the samples were assumed. If Gp and Gq were combined into Gk , the sum of the squares of the deviations increased after the combination 
(Dpq2)
was calculated as:


Dpq2=sk−sp−sq
(6)

where Sk, Sp, Sq are the sum of squares of deviations of classes Gk, Gp, Gq, respectively. The two categories with the smallest increase in the sum of squared deviations were selected and merged into a new category. Step 3 was repeated until all samples were combined into one category.

(4) A clustering pedigree diagram was drawn.

(5) The optimal number of categories was determined according to the aggregation coefficient.

3  Results and Discussion

3.1 Correlation Analysis

The correlation coefficient of any two properties among the 21 ones is shown in Fig. 1. All the coefficients were higher than 0, indicating the positive correlations among the physical and mechanical properties of wood. All the mechanical properties were positively correlated with the density (BDen or ADen). The wood density represented the amount of polymeric substances in the wood cell wall per unit volume. Wood with higher density could bear greater forces, behaving as stronger mechanical capacity [38]. Therefore, densification treatment was an effective way to improve the mechanical properties of low-density wood products [39]. However, some other factors also influenced the mechanical properties, such as the micro-structure and chemical components [40,41]. For instance, the intercellular force between cells relied on the concentration of lignin. The atypical lignin distribution in the compound middle lamellae of eastern leatherwood endowed the flexibility while the strong lignification in vessels endowed the rigidity [42].
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Figure 1: Correlation coefficient matrix among 21 properties. Scale ranged from 0–1

However, the correlation coefficient between TSL and BDen (or ADen) was only around 0.8, which was obviously lower than that between CSL and density (>0.87). When subjected to longitudinal tension, the mechanical capacity was mainly dependent on the covalent bond of the molecular chain in cellulose, and the microfibril angle had a significant influence on the value of TSL [43,44]. In addition, density was indeed the main factor affecting wood physiomechanical properties, but some of the internal factors of the wood had an insignificant impact.

The correlation coefficient between shrinkage and density was less than 0.7, because shrinkage was largely dependent on micro-structure of wood, such as the microfibril angle, the arrangement of fiber and ray cells, the ratio of early- and latewood, and the radial position of wood [45–49]. According to Zhang et al. [50], ADen and ShT were the key characteristics for domestic gymnosperms species in China, while ADen and ShR were the key characters of angiosperms. Such a variation was attributed to different forms of wood rays.

3.2 Principal Component Analysis

Based on the results shown in Fig. 1, there were some correlations among the 21 properties. Hence, it was reasonable to process the data of the properties by dimensionality reduction. The cumulative contribution rate of the first two principal components (PC1 and PC2) was around 85% (Fig. 2), i.e., most of the information about the 21 properties could be dimensionally reduced by PC1 and PC2. Consequently, the PCA analysis was minimized to PC1 and PC2 for grouping the properties.
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Figure 2: Percentage of variances as a function of principal components

The plotted scores of PC1 vs. PC2 are displayed in Fig. 3. The plots of density and mechanical properties concentrated together and showed strong positive loadings with PC1 (scores ≥ 0.8). The plots of the remaining properties-ShT, ShR and ShV concentrated together as another group. The scatter between the two groups confirmed the lower correlations between shrinkage and other properties. Based on the results shown in Fig. 3, PC1 and PC2 were explained as density-dominated and shrinkage-associated factors respectively. In such a case, the data from PC1 and PC2 were reasonable for presenting most of the information for the physiomechanical properties of wood.
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Figure 3: Plotted scores of PC1 vs. PC2 for all the properties

The PC1 and PC2 scores of all the wood species were calculated and are displayed in Fig. 4. To determine the distribution pattern of the PC1 vs. PC2 plots, all the species were classified based on the levels of ADen (Fig. 4a), Shv (Fig. 4b), CSL (Fig. 4c) and MOR (Fig. 4d). There was a clear boundary among the adjacent levels in Figs. 4a and 4b, indicating that the classification result based on PCA was basically consistent with that from the values of ADen or Shv. However, the boundary in Figs. 4c or 4d was not as clear as that in Figs. 4a or 4b. When PCA was carried out, some of the mechanical property information was lost through the dimensionality reduction. The boundary variation manifested that PC1 and PC2 successfully represented the information of ADen and Shv, and PCA results were effective when classifying wood species.
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Figure 4: Sample ranking chart divided by (a) Air-dried density, (b) Volume shrinkage, (c) Compression strength parallel to grain, and (d) Modulus of rupture

3.3 Cluster Analysis

The optimal number of clusters was determined by the elbow method when evaluating the aggregation coefficient [51]. According to Fig. 5, the turn point of the aggregation coefficient ranged between 4 and 5. Firstly, the species were classified into 4 clusters. Clusters # 1, # 2, # 3 and # 4 contained wood species counts of 69, 72, 55 and 26, respectively. The species counts when classifying in 5 clusters were 69, 28, 44, 55 and 26, for Clusters # 1*, # 2*, # 3*, # 4* and # 5*, respectively. When comparing the wood species in the clusters, the sum of the counts in Clusters # 2* and # 3* was equal to that in Cluster # 2.
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Figure 5: Aggregation coefficient as a function of cluster number. Significant decrease at the position of elbow (blue tangent)

To evaluate the performances of the cluster analysis, the average values of the properties in each cluster were calculated, and those of the selected properties are displayed in Fig. 6. When classifying in 4 clusters, all the average values of the properties were in the following order: Cluster # 1 < Cluster # 2 < Cluster # 3 < Cluster # 4, and there were significant variations of the properties (p < 0.05). However, no significant variation of the properties was found when classifying in 5 clusters, especially among Clusters # 2*, # 3* and # 4*, indicating there were indistinct boundaries among the 5 clusters.
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Figure 6: The average value of the selected properties of when classifying in 4 or 5 clusters

Based on the results in the 4 clusters, the grading levels for the properties were calculated. In Fig. 7, the grading levels for the selected properties are shown (lower panels in blue), together with the grading results reported by the book “Wood Physical and Mechanical Properties of Main Tree Species in China” (upper panels in red). There were discrepancies for the grading between these two series of results. The grading results reported by the book had similar spans in the adjacent levels. Taking Aden as an example (Fig. 7a), the spans of the levels–lower, low, medium, high were 0.35, 0.2, 0.2 and 0.2 g/cm3, respectively. However, the spans were 0.5, 0.13 and 0.1 g/cm3, for the grading levels # 1, # 2 and # 3, respectively. The compact spans for # 2 and # 3 were also found for the properties of Sv (Fig. 7b), CSL (Fig. 7d) and MOR (Fig. 7e). The proportions of the species number were much more uniform when dividing into 4 clusters, indicating these representative clusters could explain most of the information of the properties.
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Figure 7: Grading results for (a) Air-dried density. (b) Volume shrinkage. (c) Modulus of rupture. (d) Compression strength parallel to grain, and (e) Hardness in cross section based on cluster analysis (lower panels in blue) and results from “Wood Physical and Mechanical Properties of Main Tree Species in China” (upper panels in red)

Previous studies showed that the classification and identification of certain wood species, and the classification was merely used to analyze the physiomechanical properties of wood. Reasonable classification was the inevitable development approach and effective way to improve the technology for wood utilization. In this study, the grading results brought insights into analyzing the properties of domestic Chinese wood species, especially for the plantation species, and the findings extended the understanding of the “structure-properties-applications” relationships.

4  Conclusion

The physiomechanical properties of the domestic wood species in China were statistically analyzed for classification of these species. Based on the correlation analysis, PCA and cluster analysis, the conclusions were as follows:

1) The mechanical properties were closely related to the air-dried (or basic) density. Except impact toughness and cleavage strength, the correlation coefficients between mechanical properties and densities were higher than 0.8. Shrinkage properties showed less correlations with densities, and the coefficients was around and even lower than 0.7.

2) PCA was feasible to explore the information of the physiomechanical properties of wood. Two principal components (PC1 and PC2) could account for most of the information. The densities and mechanical properties had larger loading with PC1, and shrinkages were much associated with PC2. Hence, PC1 and PC2 were designated as density-dominated and shrinkage-associated factors, respectively.

3) The domestic species in China could be classified into 4 clusters based on their physiomechanical properties. According to the cluster results, reasonable gradings for the air-dried density, volume shrinkage, modulus of rupture, compression strength parallel to grain and hardness in cross section were proposed.
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