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ABSTRACT:  

 

Forest species is a basic parameter of forest ecosystem. The accurate identification of forest species can not only improve the 

estimation accuracy of other forest structural parameters, but also have important significance for forest resource monitoring and 

management. As an active remote sensing technology, the LiDAR could not only acquire the three-dimensional coordinate 

information of the object, but also acquire the intensity information. The airborne LiDAR data have been successfully used in forest 

species classification research. However, most of the research is based on the three-dimensional coordinate information of LiDAR 

data. It's fact that the parameters derived from the intensity data are closely related to the spectral reflection of forest species and 

could be beneficial for forest species classification, but the research with LiDAR intensity data is fewer. Therefore, it is necessary to 

explore the potential of LiDAR intensity data on forest species classification and test if the combined application of the 

three-dimensional coordinate and intensity information can improve the forest species classification accuracy. In this paper, the 

Moon Lake National Forest Park located in Changchun is selected as the study area, which planted with Scotch pine, Larch pine, 

Mongolian oak, aspen and other tree species. Two kinds of parameters are separately derived from the three-dimensional coordinate 

and intensity information of airborne LiDAR data. Then Random Forest is used to classify the forest species based on the above 

parameters. The main purposes of this study are: (1) to test if the parameters derived from the three-dimensional coordinate 

information of LiDAR data can be used to identify the forest species; (2) to test if the parameters derived from the intensity 

information of LiDAR data can be used to identify the forest species; (3) to test if the combined application of the three-dimensional 

coordinate and the intensity information can improve the accuracy of forest tree species identification. It was found that the 

classification accuracy of forest species based on structural parameters derived from the three-dimensional coordinate information 

was 87.54% and Kappa coefficient was 0.81. The classification accuracy based on the parameters derived from LiDAR intensity 

information was 89.23% and Kappa coefficient was 0.83. And the classification accuracy based on three-dimensional coordinate and 

intensity information was 92.35% and Kappa coefficient was 0.88. The results demonstrated that both the parameters derived from 

LiDAR three-dimensional coordinate and intensity information can identify forest species. The results based on LiDAR intensity 

information are better than that of three-dimensional coordinate information. And the combined application of the two information 

can improve the classification accuracy of forest species. Therefore, further research should make use of the three-dimensional 

coordinates and intensity information of LiDAR data to improve the accuracy of results.

                                                             
* Corresponding author 

 

1 INTRODUCTION 

 

As the basic horizontal structural parameter of forest, forest 

classification information plays an important role in forest 

ecosystem diversity, ecological environment simulation and 

quantitative research of forest resources[1-3]. For quantitative 

study of forest structure, the forest stand type information is 

indispensable. The classification results accuracy will have a 

great impact on the subsequent quantitative study of forest 

structures. This is mainly because most allometric growth 

models used to estimate forest structures are derived from 

specific forest stand species. Therefore, how to obtain 

high-precision classification results of forest stand species has 
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become the primary condition for quantitative study of forest 

structures. 

The airborne LiDAR can not only obtain the three-dimensional 

structure information of forest, but also obtain the intensity 

information of forest canopy surface. The three-dimensional 

information is highly correlated with the spatial distribution of 

forest, while the intensity information is highly correlated with 

the reflectivity of forest canopy. Therefore, the LiDAR data are 

widely used in forest species classification research. For 

example, Brandtberg[4] used the structural and intensity 

parameters extracted from airborne LiDAR data to classify 

three broad-leaved forest species, e.g. Quercus, Pineapple and 

Acer rubra, in West Virginia. And the classification accuracy is 

relatively low with only 64%. Holmgren et al. [5] classified the 

Scotch pine and Norway spruce using the structure and 

intensity information extracted from LiDAR data. It was found 

that the classification accuracy could be up to 95%. Vauhkonen 

et al. [6] and Korpela et al. [7] classified Norway spruce, 

Scotch pine and broad-leaved trees using the intensity 

parameters derived from LiDAR data with accuracy of 78% 

and 88% respectively. The results show that the LiDAR data 

can achieve the forest species classification. And the 

classification acuuracy of coniferous and broad-leaved species 

are between the accuracy of broad-leaved species and 

coniferous species. Moreover, the classification accuracy of 

coniferous species is higher than that of broad-leaved species. 

Although the previous studies have explored the application of 

LiDAR data used for forest tree species classification, they 

have not systematically studied the three-dimensional spatial 

information and intensity information contained in LiDAR data. 

To find the classification differences among different 

information contained in LiDAR data and the influence of 

different information combinations on the classification results, 

a system research is needed. 

In this paper, the height distribution and intensity parameters 

were derived from the pre-processed LiDAR data. Then the 

extracted parameters were used to classify Scotch Pine, Larch 

pine, Mongolia oak, Aspen and other tree species with random 

forest algorithm. It’s expected that the results could explore the 

classification differences among different information and the 

influence of different information combinations on the 

classification results and provide guidance and suggestions for 

LiDAR forest species classification in large areas in the future.  

 

2 STUDY AREA AND METHODS 

 
2.1 Study area 

The study area is located in Jingyuetan National Forest Park, 

southeast of Changchun Jilin Province. Most of the forest is 

planted forest including Larch pine, Scotch Pine, Aspen and 

Mongolia oak and other tree species. Among them, the crown 

of Scotch Pine is relatively large and mostly irregular dome or 

flat top with longer needles ranging from 4 cm to 9 cm (Figure 

1 (a)). The crown of Larch pine is relatively small and mostly 

conical with relatively short needles ranging from 1.5 cm to 3 

cm (Figure 1 (b)). The crown of Aspen is round, and the leaves 

are triangular oval or nearly round. The length and width of 

leaves are approximately the same with 3-6 cm (Figure 1 (c)). 

The crown of Mongolia oak is oval. The leaves are obovate 

with the length of 7-19 cm and the width is about 3-11 cm 

(Figure 1 (d)). 

 

（a） 

 

（b） 
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（c） 

 

（d） 

Figure 1 Graphic representation of coniferous forest: a) Scotch 

pine, (b) Larch pine, (c) Aspen, and (d) Mongolian Oak 

 

2.2 Field data acquisition 

To better realize the classification of forest species, 

the forest stand species of the study area were 

analyzed with the RCD high-resolution images 

synchronized with LiDAR data before collecting the 

field data in 2014. It was found that Scotch Pine, 

Larch pine, Mongolia oak and Aspen occupied a 

relatively large area in the study area and therefore 

were regarded as the main species. At the same time, 

other tree species in the study area are classified into 

one group called others. According to the situation in 

the field data acquiring, the final sampling numbers of 

different tree species are listed as Table 1. 

Table 1 Sampling numbers of different tree species 

Species Scotch Larch Mongolia Aspen Others 

Pine pine oak 

Number 156 135 20 31 10 

 

2.3 Airborne LiDAR data collection and processing 

In order to make full use of the effective information 

contained in airborne LiDAR data, a series of 

processing is needed before parameter extraction, 

including denoising, overlapping point removal, 

classification, interpolation and elevation 

normalization, etc. The specific processing process is 

shown in [8,9].  

The two parameters are derived from the above 

pre-processed LiDAR data. One is the height 

distribution parameters related to the 

three-dimensional spatial information of LiDAR data 

and the other is the intensity parameters related to the 

intensity information of LiDAR data. Detailed 

description of the parameters is shown in Table 2 and 

Table 3 [10]. 

Table 2 The height parameters extracted from LiDAR data 

Parameters Physical meaning 

H25、H50、H55、

H75、H99 

The quantile height of 25%、50%、

55%、75% and 99%  

Hmax Maximum height of point cloud data 

Hmean Mean height of point cloud data 

HR1 
The difference between 75% and 25% 

quantile height 

HCV 
Coefficient of variation of height of 

quadrate point cloud data 

HEntropy Height entropy of point cloud data 

Hkurtosis Height kurtosis of point cloud data 

Hskwness Height skewness of point cloud data 

LAD Leaf area density distribution 

LADCV 
Coefficient of variation of leaf area 

density distribution 

LADkurtosis 
Kurtosis of leaf area density 

distribution 

LADskwness 
Skewness of leaf area density 

distribution 

NLPI 
Laser penetration index calculated by 

the number of point cloud data 

 

Table 3 The intensity parameters extracted from LiDAR data 

Parameters Physical meaning 
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Imean Mean intensity of point cloud data  

ICV 
Coefficient of variation of intensity of point 

cloud data  

Iskewness Intensity skewness of point cloud data  

Ikurtosis Intensity kurtosis of point cloud data 

VImean 
Mean intensity of vegetative point cloud 

data  

VICV 
Coefficient of variation of intensity of 

vegetative point cloud data 

VIskewness 
Intensity skewness of vegetative point cloud 

data 

VIkurtosis 
Intensity kurtosis of vegetative point cloud 

data 

NImean Mean intensity of ground point cloud data 

NICV 
Coefficient of variation of intensity of 

ground point cloud data 

NIskewness 
Intensity skewness of ground point cloud 

data 

NIkurtosis Intensity kurtosis of ground point cloud data 

ILPI 
Laser penetration index calculated by point 

cloud intensity 

 

2.4 Random forest classification method 

To obtain more accurate classification results, the random 

forest algorithm is used in this paper. Random forest is a 

relatively new non-parametric "ensemble learning" algorithm 

which consists of a set of decision trees. It first establishes a 

single decision tree by using some observation values and 

variables. Then it merges several independent decision trees to 

obtain a set of decision trees and achieves more accurate and 

stable prediction results. There are two main parameters in 

random forest algorithm: (1) ntree which stands for 

classification decision tree; (2) mtry stands for variables 

contained in each node. The experimental results show that 

when nTree is greater than 500, the classification error tends to 

be stable. Therefore, the number of decision trees used in this 

study is the default value (500), and the number of node 

variables is the root mean square of the input variables. 

2.5 Accuracy evaluation  

To reduce the impact of accidental factors on the model and 

further improve the model’s accuracy, the method of ten-fold 

cross-validation was used. The total 321 samples were divided 

into 10 parts on average, 9 of which were used for modeling 

each time, and the remaining one was used for validation until 

all 10 data were used for validation. The mean value of 10 

times is taken as the result of the final validation of the model. 

User accuracy, product accuracy, overall accuracy and kappa 

coefficient calculated from obfuscation matrix are usually used 

as evaluation indexes for model accuracy validation. 

 

3 RESULT AND ANALYSIS 

 

3.1 Forest stand species classification results based on 

LiDAR height parameters 

The results of forest species classification based on LiDAR 

height distribution parameters are shown in Table 4. By 

analyzing the results shown in Table 4, it is found that the 

overall classification accuracy of scotch pine, larch pine, 

mongolia oak, aspen and other tree species is 87.54% and the 

kappa coefficient is 0.8067. Among the results, the 

classification accuracy of scotch pine is the highest, the user 

classification accuracy is 91.67%, and the product classification 

accuracy is 91.08%. The classification accuracy of larch pine is 

the second, and the user classification accuracy is 88.15%, the 

product classification accuracy is 88.15%, followed by 

mongolia oak and aspen. The classification accuracy of other 

tree species is the lowest, the user classification accuracy is 

70.00%, and the product classification accuracy is 100.00%.

Table 4 The results of forest stand species classification based on LiDAR height parameters 

Species 

Scotch 

Pine 
Larch pine Mongolia oak Aspen Others Total User accuracy（%） 

Scotch Pine 143 12 1 0 0 156 91.67 

Larch pine 13 119 0 3 0 135 88.15 

Mongolia oak 1 0 17 3 0 21 80.95 

Aspen 0 4 4 23 0 31 74.19 

Others 0 0 0 3 7 10 70.00 

Total 157 135 22 32 7 353  

Production 91.08 88.15 77.27 71.88 100  87.54 
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accuracy（%） 

Kappa coefficient       0.8067 

 

3.2 Forest stand species classification based on LiDAR 

intensity parameters 

Based on LiDAR intensity data, the classification results of 

forest stand type are shown in Table 5. Through the analysis of 

the results in Table 5, it is found that the overall classification 

accuracy of scotch pine, larch pine, mongolia oak, aspen and 

other tree species is 89.23% and the kappa coefficient is 0.8325. 

Compared with the classification result of LiDAR height 

distribution parameters, the accuracy is improved by 1.69%. 

That is, all the user classification accuracy of scotch pine, larch 

pine and aspen increased, and the result of larch pine increased 

the most (4.44%). The user classification accuracy of mongolia 

oak and other tree species decreased by 28.57% and 10.00%, 

respectively. The results show that the overall classification 

accuracy of LiDAR intensity data is higher than that of LiDAR 

height distribution parameters. It’s demonstrated that LiDAR 

intensity is more suitable for the classification of scotch pine, 

larch pine and aspen species. The LiDAR height distribution 

parameters is more suitable for the classification of mongolia 

oak and other tree species. 

Table 5 The results of forest stand species classification based on LiDAR intensity parameters 

Species 

Scotch 

Pine 
Larch pine Mongolia oak Aspen Others Total User accuracy（%） 

Scotch Pine 149 7 0 0 0 156 95.51 

Larch pine 10 125 0 0 0 135 92.59 

Mongolia oak 0 0 11 8 2 21 52.38 

Aspen 0 2 5 24 0 31 77.42 

Others 0 1 2 1 6 10 60.00 

Total 159 135 18 33 8 353  

Production 

accuracy（%） 
93.71 92.59 61.11 72.73 75.00  89.23 

Kappa coefficient       0.8325 

 
3.3 Forest stand species classification based on the 

combination of LiDAR height and intensity parameters 

The classification results of forest stand species classification 

based on the combination of LiDAR height and intensity 

parameters are shown in Table 6. According to Table 6, it’s 

known that the overall classification accuracy of scotch pine, 

larch pine, mongolia oak, aspen and other tree species is 

92.23% and the kappa coefficient is 0.8813. Compared with the 

results of LiDAR intensity data, the accuracy is improved by 

3.12%. Compared with LiDAR height distribution parameters, 

the classification accuracy is improved by 4.81%. The results 

showed that the comprehensive application of LiDAR height 

and intensity parameters can improve the classification 

accuracy of forest stand species, especially for mongolia oak 

and other tree species. 

Table 6 The results of forest stand species classification based on the combination of LiDAR height and intensity parameters 

Species 

Scotch 

Pine 
Larch pine Mongolia oak Aspen Others Total User accuracy（%） 

Scotch Pine 149 7 0 0 0 156 95.51 

Larch pine 8 127 0 0 0 135 94.07 

Mongolia oak 0 0 18 2 1 21 85.71 

Aspen 0 2 5 24 0 31 77.42 

Others 0 0 0 2 8 10 80.00 

Total 157 136 23 28 9 353  

Production 94.90 93.38 78.26 85.71 88.89  92.35 
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accuracy（%） 

Kappa coefficient       0.8813 

 
3.4 Forest stand species classification result of study area 

Through the analysis of all above results, it’s known that the 

classification results based on LiDAR height and intensity 

parameterss are the best, and the overall accuracy is 92.23%. 

Therefore, the model with LiDAR height and intensity 

parameters was used to achieve the of forest stand type 

classification in the study area. The final classification results 

of the study area are shown in Figure 2. 

 
Figure 2 The study area forest stand species classification result 

 

4 CONCLUSION AND DISCUSSION 

In this study, a series of height and intensity parameters derived 

from the processed LiDAR data were applied to the 

classification of scotch pine, larch pine, mongolia oak, aspen 

and other tree species, respectively. By analyzing the 

classification results of different LiDAR parameters, it’s 

concluded that:  

(1) The classification result of LiDAR intensity parameters is 

better than that of LiDAR height parameters. This is mainly the 

LiDAR intensity data is closely related to the reflectance of 

different ground objects and contain more information about 

forest species, so it is more suitable for the classification of 

different forest stand species. While the LiDAR height data is 

useful for forest tree species with different height, but useless 

for different forest tree species with similar height information.   

(2) The accuracy of the comprehensive classification results of 

LiDAR height and intensity parameters is better than that of the 

separate classification results of the two kinds of parameters. 

Although LiDAR intensity information contains more 

information about different forest tree species, it still has some 

limitations for tree species with similar canopy reflectance. 

However, LiDAR height information has no direct relationship 

with canopy reflectance of different tree species, but could 

provide forest tree height information. Therefore, the 

combination of LiDAR height and intensity information can 

achieve the complementary advantages of different information, 

and realize the better result of forest stand type classification.
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