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Inversion of average forest stand height based on variable selection by air-
borne laser radar
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Abstract: Forest height is an important indicator of forest quantity and quality, and it is also an important essential
parameter for forest management. Obtaining the height information of the forest accurately has always been the target of re-
mote sensing study of the forestry. In this study, 35 characteristic variables were extracted from the point cloud data, based
on the measured data from 105 sample ground plots and airborne light detection and ranging ( LiDAR) data of Guangxi
State-owned Gaofeng Forest Farm. Support vector machine-recursive feature elimination (SVM-RFE) , light gradient boos-
ting machine (LightGBM) and principal components analysis (PCA) were used to screen the characteristics, respectively.
The average height of forest were inverted by combining parametric model (LR) and nonparametric models (RFR, KNN).
The results showed that, there were large differences of accuracy between combinations of different feature selection methods
and estimation models. Among them, the combination of LightGBM feature selection with KNN regression inversion showed
the best effect. The R* and root mean square error (RMSE) of modeling were 0.83 and 1.64 m, respectively, and the R’
and RMSE of verification were 0.81 and 1.56 m, respectively. In addition, among the three feature selection methods of
SVM-RFE, LightGBM and PCA, LightGBM showed the
best effect, which was high in R both in the RFR model
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Table 1 Statistics of plot data
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Table 2 Feature variable indices extracted from airborne laser radar data
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Fig.1 Feature importance ranking of point cloud variables
based on support vector machine-recursive feature
elimination (SVM-RFE)
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Fig.2 Feature importance ranking of point cloud variables

based on light gradient boosting machine ( LightGBM )
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Table 3 Correlations between principle components and point cloud variables

REAd EROr 1 EMY2 B3 ERS 4 FRYS || Mzdh B EmRS 2 RN B4 EMYS
H,, 0.818 -0.515  -0.093  0.055 -0.069 Hy., -0.731 0.562 0.170 0.011 0.167
H, -0.060 0.943 0.061  -0.157 -0.065 H g, 0.707  0.671 0.108 0.006  -0.116
H 0.189 0.745 0.303  -0.297 0.186 H,, 0.616  0.708 0.053 0.092  -0.119
Hy 0.117 -0.527  -0.564  -0.152 0.241 cc 0.193  -0.258 0.511 0.306 0.009
Ho, 0.908 0.259 0.248  -0.094 0.040 Dy -0.483  0.649  -0312  -0.212 0.137
Hoi 0.140  -0.200 0.232  0.307 0.834 D, -0.584  0.668  -0.232 0.033 0.154

Han 0.981 -0.141 0.042  0.028 0.042 D, -0.639  0.460 0.073 0.261  -0.018
H,o 0.944  -0218  -0.008  0.131 -0.031 D, -0.666  0.106 0.460 0.366  -0.164
Hy 0.872 -0.384  -0.111 0.061 0.045 D, -0.450  -0.342 0.687 0.126  -0.163
Hy, 0.947 -0.202  -0.058  0.121 -0.035 Ds -0.006  -0.626 0.655  -0.229 0.017
Hs 0.971 -0.080  -0.035  0.106 -0.047 Dy 0.404  -0.681 0.299  -0.417 0.074
sy 0.982 0.003  -0.021 0.055 -0.037 D, 0716  -0.381  -0.333  -0.162  -0.015
Hy 0.982 0.085 0.017  0.016 -0.030 Dy 0.757  -0.002  -0.524 0.191  -0.142
Hs, 0.976 0.161 0.062  0.003 -0.014 Dy 0559  0.195  -0.307 0.463 0.072
Heg, 0.966 0.208 0.092  -0.005 0.000 Hy, 0.930  0.299 0.160  -0.057 0.045
oy 0.958 0.250 0.111  -0.025 0.022 Hys 0.930  0.299 0.160  -0.057 0.045
Hs 0.947 0.280 0.112  -0.046 0.046 Hag 0.917  0.291 0.205  -0.060 0.038
Hg, 0.943 0.285 0.130  -0.050 0.048
Hvur ‘Hsld\ \H~kev\ ‘Hmin ‘Hmed \Hnu-'un ‘Hmux \Hkurt \Hiq \Hcv ‘Hct‘r \HIO \HZO \HZS \HSO ~H40 \HSO \H60 \H7O \H75 \HSO \H90 ~H95 \H99 \DO ~D9 \CC 'J_'I-‘i% 20

T4 HMOTHRRABEEENREEEREEME

Table 4 Modeling accuracy and testing accuracy of average forest stand height model and their difference

g FEAE G TSR B EAS SR B 5 00 A B = 2
B Wik R? RMSE(m) rRMSE( %) R? RMSE(m) rRMSE( %) R? RMSE(m) rRMSE( %)

RFR E oy il 0.78 1.90 14.07 0.71 2.04 15.05 0.07 0.14 -0.98
SVM-RFE 0.81 1.76 13.04 0.68 2.04 15.00 0.13 0.28 -1.96
LightGBM 0.80 1.80 13.33 0.72 1.96 14.48 0.08 0.16 -1.15
PCA 0.73 2.05 15.14 0.73 1.51 11.14 0.01 0.54 4.00
KNN i E 0.79 1.86 13.69 0.78 1.59 11.76 0.01 0.27 1.93
SVM-RFE 0.79 1.81 13.35 0.73 1.75 12.95 0.06 0.06 0.40
LightGBM 0.83 1.64 12.04 0.81 1.56 11.54 0.02 0.08 0.50
PCA 0.53 2.40 18.36 0.57 1.93 14.84 0.04 0.47 3.52
LR SR 0.69 2.22 16.33 0.57 2.70 20.21 0.12 0.48 -3.88

R? . TR5E 280, RMSE . Y 5 R R 2% ; rRMSE - MXT ¥ AR iR 2%



712 o9 &b 2 W

2022 4F & 38 % 3 M

23 MOEHERE

FIH T LightGBM #1745 AF 5 2 BT & 57 1Y
KNN FERU 2 VAR bR o0 2 e b A7 B i, % =
BB 6 1559, 1 90°52.0~6.0 m,
M2456.1~10.0 m, %% 410.1~14.0 m, V2 h
14.1~18.0 m, VY H18.1~22.0 m, VIZ H 22.0 m
PIE,

T DRI T DX AR 1 350 1o S5 AT, A
sEYEE 1O AT R £ | 3 02 R AR
FELIAM A HE W ZEWH 5 DL T Aibk
F2 MGG B — | B0 B S AR AR 53 S o
LT A AR

3 i itie

AWFFE LA R AT 28 KUK IR N TR B
FERTGE LR TR 35 05 = 5 B U8, 7e o
XA ZEE 105 A~ HLAUREHS (2 FhARARSRY ) 1 N Bl
$eHl, 43R PCA S ] 2 AIL-338 UE R AIE B 326 A0
LightGBM XTI 35 A8 2 FRAF AR i ifE 47 A5 ]
Tk, 3454 KNN RFR Al LR X434 A 7
S, 25 SRR B G A PR A T ARRAE O 5 R AT AR
FHEALRE BRI TR0 B PCA AR HAt 2 Fl 3L T4
IR 18 T A S Aol IS FRORS B 35 5 - i A R fiE 2 5
BRI . 5T LightGBM R4 45 4 7 16 BT
PR AR A DU AR 1) BB A B 47 ) Ak I 25 21, Foiz 4k
RE IR T HARRIE G L 7 1, P, 25 LightGBM
HEAT R E 57 30 I M 8 1) KNI A5 781 2 R0 7 R4S 36
KR R .

PIERIRIFSE R 202 L —FhIE SRR 5 &
BB (An3Z A 1A ) RS B 22 5, e f AR 2
JE B () S R g R SR R B R
R LR MR R R A TR Y | BRI ST 4t SR I LT
Mo B (T B R AR IR (75% 5 i B
FITRA R Y — el 2R AR R el Bk 1) 4 S BRAR A £k 0
ghL (R Zmg T HoAb S w2 R T S A G R
ILAh , ZH o 25 R R, A S BB RNG B L T 240
Y R AR A gk S Y A T R RN R
XF BP A28 28 It ST A PR 43S 347 v A 00 A A
JER I 5 55 0 A A IR T A AR5 R
b AREAIE G5 6 7 3k A0 Ak 0SS 8 114) 2 S G B AR S
7 L35 22 PR AIE 07 158 5125 5 22 PR 200 114 20 5 X AR 78
K S TR FE 38550 | A LightGBM B33k R 7

At AR B 55 A TN BE 3 L B B H 47 i e
T3 AR 3 243 T AL B 0 1 2 728 B U 26 07 T 1Y
WFFEIEED AT B8 A [R) e IR 12 7 vk 22
MRERIZE 5 15 I M F R R T 2%

FHT, BLES 22 B2 B T AR S HA
T e Ao o 7 e AT 0 08 T LA SRR A A e ) 4
JE |, DT B A OGBS0, F R B ML AR AR
LA SR ) R ALIE S HLAR 7 > BB AT B S H A
M HATREALYE , ML A7 T BO4ULE A% B Uk
WIZRREAR RIS RO B L, AR GRS e O & B
W HE SR EA Y LA ) B U A 5
KAUG o A5 B0 58 oK %5 JE T A s AL 50 |
KL RS SRR M B RS FEAT A A . XA [ ZR AR 2R
B AN TV Tl B AN [ A1 B3 e 418 3B %) 2R R 2 Biox
ST UK B2 PR S M LA oyt — 2P 9T

SENW:

(1] FESCHA T2 E DA B e [ 1] 38 AR 5,
2016,31(5) :833-845.

[2] ZHAO F, GUO Q, KELLY M. Allometric equation choice impacts
lidar-based forest biomass estimates: a case study from the Sierra
National Forest, CA[J]. Agricultural and Forest Meteorology,
2012, 165 64-72.

(31 XG5S BT 20 U5 R (¥ ARp b A Wy o R 9 A 7 )
FEEEATIELT]. ML 24 ,2020,49(12) : 1641.

[4] GREGOIRETG , NESSET E , MCROBERTS R E , et al. Statis-
tical rigor in LiDAR-assisted estimation of aboveground forest bio-
mass[ J]. Remote Sensing of Environment, 2016, 173:98-108.

[5] PEDERSEN R @, BOLLANDSAS O M, GOBAKKEN T, et al.
Deriving individual tree competition indices from airborne laser
scanning[ J]. Forest Ecology and Management, 2012, 280. 150-
165.

(6] XI&&, e 5 HILEHOEE AL TE MOl R BUR
[J] MBS, 2014,27(1) :49-56.

[7] BE=x, kKR, XVEE, 5. FETHLE LIDAR 281k
Y BB IR B B [ 1] AR LA K224, 2015, 43(9):
84-89.

(8] i ¥, JIFHAk, Ju5 H, % LiDAR SRAEEIE IR B R BE RUBE R bk
Sy it sz [ bR ARl R R 2R 24k, 2018,38(4) -
27-32.

(9] ®GMZE, 7h S fl, Tosin, % IETFHLEBOE T R SR AN T4
FORRE B PSRBT AR J ] ARl RS B, 2020(2) - 79-86.

[10] fB3C3F TRHaAK, 8 35, %5, JETHLEL LIDAR s A5 MAR S (¥
SRR T]. PEHEARE B, 2015, 30(3) : 170-174.

(1] 8 8, B, 2R T, % I LiDAR Bl Al MK
PR [I]. Mol BREBEST, 2020, 33(4) @ 59-66.

[12] JA %, BKRE, RE =K BP #i 2 ML HLEL LIDAR i



ARG T AR L 15 AL AR RON T8 38 X PR3~ 180 s ) S i 713

[13]

TSR T2 [ )] ARAEMOE R 2241, 2021,49(9) :60-66.
WO, TEAAAR 2R R 4L, 45 5T BP A4 45 19K 117 i
N TEAOMR3 - 289 10 T [ 7] 3 o ol R 2 4 ( H SRR 2
) ,2018,42(2) :147-154.

GRACE Y,HE W Q,CARROLL R J. Feature screening with large
scale and high dimensional survival data.[ J]. Biometrics, 2021,
77(2) :1-14.

ORI IR, % BT HLEUVNEEE LiDAR HAR Y
W R AR S Bl B AR [T ], de kol K25 2 3,
2014, 36(5) . 13-21.

PAOLO M, VIBRANS A C, MCROBERTS R E, et al. Methods
for variable selection in LiDAR-assisted forest inventories[ J]. For-
estry,2017, 90, 112-124.

LA, BT HLEBOCTE B RSB E [ D). #.
PUILRMABHE R, 2019.

IR [ ARG ARG T R K S S —— LA i Wk
RG] AR5 KRR ,2021(4) :222-224.

[19]

[20]

[21]

[22]

GUYON I, WESTON J, BARNHILL S, et al. Gene selection for
cancer classification using support vector machines[ J]. Machine
Learning, 2002, 46(1) . 389-422.

KE G L, MENG Q, FINLEY T, et al. LightGBM: a highly effi-
cient gradient boosting decision tree[ J]. Advances in Neural Infor-
mation Processing Systems, 2017, 30. 3146-3154.

BREIMAN L. Random forests[ J ] .Machine Learning,2001,45 (1)
:5-32.

ACAR L. Some examples for the decentralized receding horizon
control[ C]. Tucson: IEEE, 1992. 1356-1359.

MFak R, SRR, AR B TLARE T LR N ER
SRR LD B AR T [ 7] IR AR B 5 2021, 49
(12) :162-168.

FL g, T, . AR T LR A Sk i R AL T
SEHAG L) ] AR T AR 2440, 2020,38(8) :829-834.
BAHRAL, BRI Hlds s S BRIl L 3E R g b i v
[J] TR R, 2020,48(12) :226-231.





