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HE: [ B6] @ 2018 F 1—2 A7 BEA SR IBHLT LRI TGRS HIE, RARKT FhELAHT &
EIWARER  RIEAE Eucalyptus WAL HARERE, [Hk ] BEEZRREZZELAK. EZFELH. WO
BEEEZHAETE, RALMTG = R A 2R ®)2) fedf A4k (MAAAREE, LFaEhe ) #74
SEREME, @50 ENBIEL, BATER ST AR, HmkF R AARREREUEER . [£R] X
ARG —ksr A L 4 AR FATIGE, £RET: B EEER R A 0.85, ik £ (RMSE) # 23.93 m’-hm?, F354
g £ (MAE) % 18.18 m*-hm™?; Rk = = )2 A R* % 0.81. RMSE # 26.52 m*hm™, MAE # 19.94 m*-hm™; #
F 4 A RBF 69 L @2 = 244 R? 4 0.88. RMSE 4 21.35 m’-hm 2. MAE 4 16.62 m’-hm?; FALA&AMREZEA R
0.84. RMSE % 24.53 m*hm™2, MAE # 1741 m>>hm?2, [ &# ] XA MM AT E 2% L5, RBF-SVR A hA-44
R ZACR S Ak BERY Rk EEAFTEWKAT (VIF) 73kt T 2MR I @8R RZ; /5 A MAAKE )2
BRE R R FTAER TR, MR R HO T X AR T 69 w2 TR B e, SRR 3E A4 kM % RBF-SVR 4
AERRA, RFAREI AR HAREREREHAY, EBEAARIHELFEARTRASHARRANEER, A
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Estimation model of Eucalyptus stand volume based on
airborne LiDAR Point Cloud

DENG Zhuo'*?*, LIBin'*?, FAN Guangpeng'**, ZHAO Tianzhong'**, YU Yonghui*

(1. College of Information, Beijing Forestry University, Beijing 100083, China; 2. Engineering Research Center for
Forestry-oriented Intelligent Information Processing of National Forestry and Grassland Administration, Beijing
Forestry College, Beijing 100083, China; 3. Institute of Forestry Information, Beijing Forestry University, Beijing
100083, China; 4. State Owned Gaofeng Forest Farm of Guangxi Zhuang Autonomous Region, Nanning 530001,
Guangxi, China)

Abstract: [Objective] LiDAR, as an active remote sensing technology, has proven to be an effective and
efficient means for large-scale dynamic monitoring and investigation for forest resources. With an analysis of
the airborne LiDAR data and ground survey data collected of Guangxi state-owned Gaofeng forest farm from
January to February 2018, this paper is aimed to establish a regression model by using parametric and
nonparametric methods to inverse the forest volume of Eucalyptus plantation. [Method] First, point cloud

characteristic variables such as point cloud height parameters, point cloud density parameters and stand canopy
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density were extracted from point cloud after which parametric methods (stepwise regression, partial least
squares regression) and nonparametric methods (random forest regression and support vector machine
regression) were used to construct stand volume. Then the prediction performance of model regression is
evaluated by comparing the estimated data of sample plot with the measured ones so that the optimal volume
inversion model could be selected. [Result] After being verified by leaving one method, results are as
follows: for the stepwise regression model, R*=0.85, RMSE=23.93 m’-hm* and MAE=18.18 m’-hm™; for the
partial least squares regression model, R*=0.81, RMSE=26.52 m’+hm~ and MAE=19.94 m’-hm™; for the
support vector regression model with RBF kernel function, R*=0.88, RMSE=21.35 m’-hm?, MAE=16.62
m’-hm™ whereas for the random forest regression model, R*=0.84, RMSE=24.53 m’-hm™ and MAE=17.41
m’+hm . [Conclusion] After variable screening with random forest; the RBF-SVR model has demonstrated
the best fitness and generalization ability, followed by the stepwise regression model of optimizing variables by
stepwise screening method combined with variance inflation factor (VIF) method whereas the random forest
regression model and partial least squares regression model came last. It was also shown that nonparametric
method is a better choice in the construction of RBF-SVR model in solving the problem of regression prediction
in the field of forestry LIDAR and that the volume models of four forest types established in this study have
high accuracy and met the requirements of relevant technical regulations of forest resources investigation. [Ch,
6 fig. 6 tab. 25 ref.]

Key words: airborne LiDAR Point Cloud; stand volume; parametric regression; non-parametric regression;

variables screening
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Hh B AL AR K (BT B AR, P BB (R M 0.69, RMSE N 37.2%; A %10 JEF Sentinel-2 5 MLk
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Y, W TRAE <02 8 Fy =5 A48 m 41— x2 REEAZHIEEE
Fihie, WEREI S E T4, FVI:]/(]—R2)O H Table 2 Extracting point cloud feature variables
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F2:0.271 Y+b s b y\jﬁﬁ . fﬁaniﬂfjlj\:iﬁé [E] Uﬂ*ﬁﬂﬁ{] . Table 4 Preliminary evaluation of stepwise regression model
e > >
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AUl RBF-SVR, H: C & 8, gamma 4 0.125,
RBF-SVR % R? >4 0.85, RMSE 4 29.24 m’®-hm 2,

£S5 SVRARZERHMUEER

Table 5 Fitting results of different kernel functions of SVR
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MAE 2y 94.98 m’hm?, i % AR 7R AR g AR AT 5
SVR 7., e
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Figure 4 Evaluation of growing stock volume inversion model
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Figure 5 Scatter diagram of training results and verification results of each model
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Figure 6 Ten-fold cross validation results of each model
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RMSE 4 57.27 m’+hm™?), 5 MLR. RFR %7740 L, AR* 4 0.10~0.11, ARMSE 4 5.30~6.00 m’+hm >,
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