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Fig.1 Modeling flow chart of vegetation height

using the gradient boosting decision tree
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Table 1 Correlation index values between spectral

feature factor and vegetation height

MIC Kendall %
Y RHIE

B | ARiEE ¥{E b2
RGB 0.1417 | 0.00435 | -0.1263 | 0.001 65
VDVI 0.0398 | 0.00105 | 0.0500 | 0.00230
NGBDI 0.0415 | 0.00099 | -0.0737 | 0.00177
NGRDI 0.1447 | 0.00166 | 02114 | 0.003 89
ExG 0.0399 | 0.00100 | 0.0508 | 0.00215
ExR 0.0995 | 0.00143 | -0.1736 | 0.001 24
RmG 0.1304 | 0.00138 | -0.1935 | 0.001 64
GmB 0.0395 | 0.00074 | -0.0628 | 0.00178
GBdRG 0.0391 | 0.00083 | -0.0301 | 0.00217
ExG-ExR 0.1401 | 0.00193 | 0.2047 | 0.00159
LabBitazs 0] L{H | 0.064 1 | 0.001 11 | -0.1192 | 0.001 66
LabBita 25l o fH | 0.0333 | 0.00076 | -0.0301 | 0.002 17
Lab Bt 250 b{E | 0.0499 | 0.00089 | -0.1060 | 0.00176

F2 JUATHAE R F 5 AL & Z R 6 48 & M A8 AR A

Table 2  Correlation index values between geometric

feature factor and vegetation height

MIC Kendall %X
JUATREAE R

WE | bz BifE brifE 22
At X 0.0512 | 0.00052 | -0.0048 | 0.00155
AR Y 0.176 7 | 0.00249 | 02643 | 0.002 87
R H 0.1661 | 0.00134 | 02146 | 0.00167
SRS ARMERS | 0.0883 | 0.00121 | 02297 | 0.00215
IR 2 0.1033 | 0.00224 | 02240 | 0.00212
T 1] e 22 0.0989 | 0.00123 | -0.2003 | 0.00151
Po T i 22 0.1251 | 0.00205 | -0.2589 | 0.002 38
b1y e 22 0.0878 | 0.00135 | 0.1722 | 0.00148
AR 0] e 2 0.0474 | 0.00106 | 0.0184 | 0.001 62
VU 0] 15 2 0.1829 | 0.00290 | -0.3223 | 0.003 40
[EE(AEEEES 0.0472 | 0.00078 | -0.0623 | 0.001 84
ARt 22 0.1495 | 0.00247 | 02742 | 0.00224
LR X /R | 0.1148 | 0.00170 | 0.2428 | 0.00224
Pkt Y0 | 0.0913 | 0.00115 | -0.1929 | 0.00157
kiR Z 04 | 0.0816 | 0.00098 | 0.2225 | 0.00221
FIRLRE B2 0.0890 | 0.00126 | 0.2323 | 0.00221
(SRS 0.0259 | 0.00070 | 0.0012 | 0.000 87
SR i R 0.0737 | 0.00143 | 02040 | 0.00929
PN ES 0.0721 | 0.00140 | 0.1966 | 0.002 12
SN 0.0603 | 0.00107 | 0.1651 | 0.00097
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Table 3 Relationship between the model accuracy and the number of feature factor type

A DA RRSH E, ¥ftim | E, 7% | B /min
ff A R R T EARIREL 200, I AL 28, TR BE S 12 0.902 0.0025 10.0
BRAR LR NG 6 M FHIE | BEARUREL 200, B KAFIE(E 2 22, TR BE S 12 0.897 0.003 0 7.0
HIERASCHE /N T 015 IFRAE | 3RARUCEL 200, e RFFIEE R 16, TR 12 0.888 0.003 1 5.0
MEEAREAE/ N T 020 IUFFAE | SR ARUCEL 200, B RAFIE(E R 10, TR 13 0.840 0.003 1 3.0
HERAOCH/N T 0.22 IFHAE | 3% ARIREL 200, Be RFHIEE ] 9, TR EE R 13 0.963 0.003 4 2.5
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R o

4 g

i BOA SRS A S HOT AR 45 2R
AR SRR BT TR 1% 2 SIS, B
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Study on vegetation height model based on the
gradient boosting decision tree

DENG Xingsheng, WANG Qingyang
(School of Traffic and Transportation Engineering, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: [Purposes] The study aims to establish vegetation height model by aerial photogrammetry. [Methods]
Based on digital orthophoto map and digital surface model, spectral and geometric feature factors were extracted
for vegetation height modeling. The correlation between vegetation height and feature factor was analyzed by
correlation index, the feature factors were selected. The gradient boosting decision tree algorithm was adopted to
establish the vegetation height prediction model, and the accuracy of the model was improved through parameter
optimization. [Findings] The model accuracy is about 2.000 m under the default parameter. By optimizing the
parameters, the model accuracy reaches 0.900 m. Furthermore, the model accuracy enhance to 0.840 m, resulted
from excluding some feature factors. By compared with the support vector machine algorithm, the accuracy of the
vegetation height model has been increased from 0.893 m to 0.758 m, and the running time has been reduced
from 70 minutes to 10 minutes. [Conclusions] The accuracy of the vegetation height model can reach to sub
meter, when the error of the original modeling data is neglected, and the accuracy of the model remains stable in
many experiments.

Key words: vegetation height; gradient boosting decision tree; feature factor; machine learning
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