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Tree Species Classification of Power Line Corridor
Based on Multi-source Remote Sensing Data
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Abstract: The effectiveness of airborne LiDAR point cloud and aerial imagery on tree species
classification and the effect of XGBoost algorithm for feature selection on tree species classification
accuracy were researched and the ability three non-parametric classifiers of random forest support vector
machine and artificial neural network to classify tree species on a single-wood scale were evaluated.
Aiming at the current background effect of canopy extraction and the problem of over-segmentation the
traditional single tree canopy segmentation method was improved by using the visible light difference
vegetation index and bilateral filtering; and then the single tree canopy was used as an object to extract
multi-dimensional features by using the XGBoost algorithm to perform feature importance ranking and
feature selection. Finally three non-parameter classifiers of random forest support vector machine and
artificial neural network were used to design 12 classification schemes to classify single tree species and
do accuracy evaluation. The results showed that the improved single tree segmentation method can
effectively improve the accuracy of tree crown extraction and the accuracy of the obtained tree canopy
segmentation results was more than 80% ; the LiDAR data and aerial orthophotos were combined and the
ANN classifier was used for feature selection after XGBoost algorithm for feature selection. The scheme
had the highest accuracy with an overall accuracy of 86. 19% indicating that multi-source data synergy
and feature selection can improve the accuracy of tree species classification. The ANN classifier had the
strongest ability to classify existing tree species on a single tree scale.

Key words: individual tree species classification; multisource data; individual tree crown segmentation;

non-parametric classifier; power line corridor
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Fig.8 Extraction and optimization results of canopy area

CHM

9

Fig.9 Result of single tree canopy segmentation

1327
1261
1522 &
3
84.21%
80% F 82.07%

3

Tab.3 Single tree crown segmentation accuracy

1% 1% F 1%
1062 84.21 80. 00 82.07
955 62.74 71.96 67.04
3.3
10
12
70%

30%

0 10 20 30 40 50 60 70 80 90 100

e JIEE VS
(a) DOM
Rme n
Bmean
Cslrl
lerl
C ——————————————————
R 1
2o,
£ C
C I ——
B, | —
Cslupe ]
B ——
S

4 1 I 1 L L L L 1 L 1
0 10 20 30 40 50 60 70 80 90 100
HEAG
(b) DOM + LiDAR

10

Fig. 10 Importance of feature retained after screening

A3(  XGBoost
ANN )

70.59% Kappa 0.530 2,
RF.SVM
ANN 4.83.5.98.4.59
LiDAR
B3(  XGBoost )
86.19% Kappa 0.826 6
RF.
SVM  ANN 5.03.10.75.
10. 19 o B3 11
LiDAR
(Al ~ A3
Bl ~B3) (A4~
A6 B4 ~B6) XGBoost
; 3
ANN



232 2021
4 SVM
Tab.4 Evaluation of classification accuracy SVM
1% Kappa R
(OA) /% 3.4
PA  78.33 65.88 54.41 73.56 .
Al 67.34 0.4744 LiDAR
UA 82.10 59.06 67.30 76.39
PA  69.87 62.13 65.44 74.00
A2 68.00 0.4821
UA 84.21 67.77 56.01 81.76
PA  79.00 79.60 70.31 78.45
A3 70.59 0.5302
UA 85.34 56.98 76.80 80.24 LiDAR
PA  68.24 42.70 59.43 72.14
A4 62.51 0.4936
UA 61.47 47.65 67.02 69.88
A5 PA 62.58 47.29 61.31 69.81 62,00 0.4675 !
UA 70.30 50.32 45.60 61.34 ’ ’ N
PA  59.41 50.85 65.36 74.33
A6 66.00 0.4611
UA  73.02 57.32 57.90 80.02 R
PA  89.40 59.83 74.03 88.39
Bl 76.25 0.7524
UA  90.35 69.20 80.22 90.20
PA 85.82 58.33 79.25 90.63
B2 83.80 0.7978
UA 88.97 73.85 82.35 87.88
PA  89.36 67.57 91.84 90.84
B3 86.19 0.8266
UA 91.97 79.50 88.27 95.54
PA  79.80 50.00 70.02 80.00
B4 71.22 0.6709 °
UA 82.33 53.26 65.43 87.76
PA  70.06 54.49 60.00 90.65 4
B5 73.05 0.7124
UA 83.21 56.45 72.56 92.30
PA  89.02 49.33 78.32 87.66 LiDAR
B6 76.00 0.7235

UA 76.98 58.07 65.01 91.89

SVM
RF

N
A o VDVI
ESP2
LA
2R °
Wi

R
A

80% ; LiDAR

XGBoost ANN
Fig. 11  Result of tree species classification 86. 19%
Al RF
ANN
D . : 2010.

MU Chao. Research on extraction method of power line corridor features based on multiple remote sensing data D . Wuhan:
Wuhan University 2010. (in Chinese)

. CCD LiDAR D . : 2019.
ZHANG Dali. Research on classification of single tree species based on multispectral CCD image and LiDAR data D . Harbin:
Northeast Forestry University 2019. (in Chinese)
ZHANG Z KAZAKOVA A MOSKAL L et al. Object-based tree species classification in urban ecosystems using LiDAR and
hyperspectral data J . Forests 2016 7(12): 122.

. LiDAR J/OL . 2020 51(3) :232 - 240.

MAO Xuegang DU Zihan LIU Jiagian et al. Extraction of forest gaps in natural forest and man-made forest based on UAV LiDAR J/
OL . Transactions of the Chinese Society for Agricultural Machinery 2020 51( 3):232 —240. http: // www. j-csam. org/jcsam/ch/
reader/view_abstract. aspx? file_no =20200327&flag = 1. DOI: 10. 6041/j. issn. 1000-4298.2020.03.027. ( in Chinese)



233

10

11

12

13

14

15

16

17

18

20

21

22

23

24

25

26

27

28

. LiDAR J. 2015 S1(6): 81 -92.
CAO Lin SHE Guanghui. Inversion of forest stand characteristics using smalldootprint J . Scientia Silvae Sinicae 2015
51(6) : 81 -92. (in Chinese)
WANG K WANG T LIU X. A review: individual tree species classification using integrated airborne LiDAR and optical
imagery with a focus on the urban environment J . Forests 2019 10(1): 1 -18.
. J. 2019 34(2): 253 -262.
XU Fan ZHANG Xuehong SHI Yuli. Research on classificion of land cover based on LiDAR cloud and arial images J .
Remote Sensing Technology and Application 2019 34(2) :253 —=262. ( in Chinese)
YANG J JONES T CASPERSEN J et al. Object-based canopy gap segmentation and classification: quantifying the pros and
cons of integrating optical and LiDAR data J . Remote Sensing 2015 7(12): 15917 —15932.
LINDBERG E HOLMGREN J. Individual tree crown methods for 3D data from remote sensing J . Current Forestry Reports
2017 3(1): 19 -31.
LiDAR D . : 2018.
LI Feng. Research on classification method of airborne LlDAR point cloud data D . Xiangtan: Xiangtan University 2018. (in
Chinese)
. LiDAR D : 2012.
WANG Ping. Research on single wood parameter extraction based on alrborne L1DAR data and aerial photos D . Harbin:
Northeast Forestry University 2012. ( in Chinese)
LiDAR D : 2018.
WANG Bin. Single tree extraction and tree species recognition based on alrbome LiDAR and hyperspectral data D . Nanjing:
Nanjing University of Information Science and Technology 2018. (in Chinese)
. LiDAR J. 2016 41(12): 157 -161.

WANG Xin CHEN Chuanfa. Method for removing pits of canopy height model from airborne LiDAR data J . Science of

Surveying and Mapping 2016 41(12) : 157 —161. ( in Chinese)

WU X SHEN X CAO L et al. Assessment of individual tree detection and canopy cover estimation using unmanned aerial vehicle

based light detection and ranging ( UAV —LiDAR) data in planted forests J . Remote Sensing 2019 11(8): 908 —929.

FASSNACHT F E LATIF H STERENCZAK K et al. Review of studies on tree species classification from remotely sensed

data J . Remote Sensing of Environment 2016 186: 64 —87.
. J. (

) 2018 47(4): 428 -434.
YU Xuzhai WANG Ruirui CHEN Weijie. Forest canopy segmentation of UAV remote sensing images using improved
watershed algorithm J . Journal of Fujian Agriculture and Forestry University ( Natural Science Edition) 2018 47(4):
428 —434. (in Chinese)

J. 2015 31(5):152 -159.

WANG Xiaogqin WANG MldOmldO WANG Shaoqgiang et al. Extraction of vegetation information from visible unmanned aerial
vehicle images J . Transactions of the CSAE 2015 31(5) : 152 = 159. ( in Chinese)

. I. ( ) 2019
(2):65-67.
LI Mingdong LI Xuezhu HU Haodong et al. Improvement and research on image threshold denoising algorithm based on
bilateral filtering J . Journal of Jiujiang University ( Natural Science Edition) 2019(2) :65 - 67. ( in Chinese)

. D . : 2012.
ZHU Shuangzhi. Research on object-oriented high-resolution remote sensing image segmentation method D . Changsha:
Hunan University 2012. ( in Chinese)
eCognition D . : 2012.
ZHANG Tengfei. Research on estimation of forest volume based on eCognition classification D . Xi’ an: Xi’ an University of
Science and Technology 2012. (in Chinese)
D . : 2016.

SONG Ylhao Interpretation and inspection of forest tree canopy cover in Beijing urban area based on Yikang software platform

D . Beijing: Chinese Academy of Forestry 2016. ( in Chinese)

. J. 2017
36(4): 30 -35.
ZHENG Xin WANG Ruirui JIN Mingming. Extraction of high-resolution images of single tree crown based on watershed
algorithm with morphological threshold mark J . Central South Forest Inventory and Planning 2017 36(4): 30 -35. (in
Chinese)

D : 2015.
JI Jlnsheng Research on feature selection and stability of typical objects in hlgh—re@olutlon remote sensing images D .
Shanghai: Shanghai Jiao Tong University 2015. ( in Chinese)
. XGBoost J. 2019 40(10): 101 - 108.
LI Zhanshan LIU Zhaogeng. Feature selection algorithm based on XGBoost J . Journal on Communications 2019 40( 10) :
101 —108. ( in Chinese)
IMMITZER M ATZBERGER C KOUKAL T. Tree species classification with random forest using very high spatial resolution
8Band WorldView —2 satellite data J . Remote Sensing 2012 4(9) : 2661 —2693.
RACZKO E ZAGAJEWSKI B. Comparison of support vector machine random forest and neural network classifiers for tree
species classification on airborne hyperspectral APEX images J . European Journal of Remote Sensing 2017 50( 1) : 144 —154.
. D . : 2005.
LU Wei. Research on feature extraction and classification technology of hyperspectral image for target detection D .
Zhengzhou: Chinese People’ s Liberation Army Information Engineering University 2005 (in Chinese)
BP D . : 2012.

REN Jlanbln Research on remote sensing image classification based on wavelet transform and BP artificial neural network D .
Huhhot: Inner Mongolia Normal University 2012. ( in Chinese)



