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Abstract: Aboveground biomass (AGB) is a key indicator of grassland productivity and it is important to
measure grassland AGB accurately in grassland resource survey. Hyperspectrum is an effective method to
measure the physiological and ecological indexes of grassland without physical damage to the grassland. In
this study,the original spectrum (OR),the first derivative spectrum (FD),spectral parameters of spectral
position and area (PA) and the vegetation index (VI) of alpine grassland canopy were calculated near Hai-
bei National Field Research Station for Alpine Grassland Ecosystem (Haibei Station). Based on the above
variables,feature selection was performed with successive projections algorithm (SPA) and recursive fea-
ture elimination algorithm (RFE) ,and the model was constructed with random forest algorithm (RF). The
results showed that among the grassland AGB estimation models constructed by different variables, the ac-
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curacy of RF model based on VI was the highest (R*=0. 70, RMSE=557. 87 kg « ha ') ,and R? of meas-
ured AGB and predicted AGB was 0. 72. Among the grassland AGB estimation models constructed by dif-
ferent combination of variables,the accuracy of RF model of PA -+ VI combination was the highest (R*=
0.71,RMSE=548.97 kg « ha ') ,and R*? of measured AGB and predicted AGB was 0. 73.

Key words: Alpine grassland; Aboveground biomass; Hyperspectral; Random forest; Successive projections

algorithm; Recursive feature elimination
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s Table 1 Descriptive statistical result of AGB data
s Month 5 6 7 8 9
[24]
° Number of 30 29 5 30 5
’ samples
1 'm, 714,41 1504.16 2 688.99 2897.95 3 139.91
3 9 , Mean/kg * ha™!
. 187.20 1105.20 1528.53 1520.00 1 398.93
Minimum/kg « ha~!
° 1220.00 2172.40 3934.53 3739.73 5 237.07
s Maximum/kg * ha !
65°C 48 h s 44,74  51.26 93.98 105.23 141.20
. Standard error
AGB,
., Savitzky-Go- 1.3
lay Lzs] , (Original spec-
, . ) . trum, OR) .| FD (First derivative
, 1301~ spectrum, FD) | (Spectral param-
1450 nm,1 801~2 050 nm 2 301~2 500 nm eters of spectral position and area,PA)
(26l | 2019 5 6 .7 (Vegetation indices, VD4  (  2),
8 2020 7 .9 7 s o
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2
Table 2 Variables and definition

Type of variables Name Definition or formula
Ri
Original spectrum(OR) Band reflectance of OR
R’
First derivative spectrum(FD) Band reflectance of FD
(430~470 nm)
Db
The maximum FD value in the blue edge (430~470 nm)
(620~760 nm)
Dr
The maximum FD value in the red edge (620~760 nm)
(780~1 300 nm)
Dinr
The maximum FD value in the near-infrared region (780~1 300 nm)
. 1—{[Rs00 +6/17(Rs70 —Rs00) J/Rseo }
H The reflection height of green peak, calculated with 1—{[Rs00+6/17(Re70 — Rs00)]/Rse0 }
f10] . 1—{Re70/[Rseo 11/20 (Ryg0 —Rs0) ]}
Spectral parameters of spectral b The absorption depth of red valley,calculated with 1— {Rg70 /[ Rss0 +11/20 (Rys0 — Rs60) ]}
position and area(PA) SDb The sum of the FD values in the blue edge
SDr The sum of the FD values in the red edge
SDinr The sum of the FD values in the near-infrared region
VI, D/H
VI, (D—H)/(D+H)
VI; SDr/SDb
%0 SDinr/SDb
Vis SDinr/SDr
Vi (SDr-SDb) / (SDr+SDb)
VI, (SDinr-SDb) / (SDinr-+SDb)
Vig (SDinr-SDr) / (SDinr-+ SDr)
Clred-edge (Rsoo /Ryz0) —1
NDVI, (Rsoo — Reso) / (Rsoo + Reso)
NDVI, (Rsoo — Rg70) / (Rgoo + Rero)
NDBleaf (Rys40 —Ra160) / (Ris10 +Raig0)
NDII (Rgs0 — Riss0) / (Rsso +Rieso)
NDMI (Rugss —Rizz2) / (Rugay + Rizzz)
GNDVI (Rso1 —Rs50) / (Rsor +Rsso)
SAVI 1. 5X (Rsoo — Re70) / (Rgoo — R0 0. 5)
OSAVI (Rgoo —Re70) / (Rgoo +Rero +0. 16)
CARI (R700 = Re70) — 0. 2 X (Rygo + Rero)
TCARI 3 X (R700 —Rg70) —0. 6 X (R790 —Rs50) (R0 /Re70)
[27] MCARI [ (Rroo —Re70) — 0. 2X (Rro0 — Rs50) 1 X (R700 /Rer0)
Vegetation indices(VD) HNDVI (Rs27 — Rges ) / (Rga7 + Reg)
MTCI (R750 —Rr09) / (Ryog — Res1)
PRI (Rs31 —Rs70) / (Rs31 +Rsz0)
SIPI (Rsoo —Ruz0) / (Rgoo +Rus0)
PSNDa (Rgoo — Resgo ) / (Rsoo +Reso)
PSNDb (Rsoo — Ress) / (Rsoo +Ress )
PSSRa Rsoo /Reso
PSSRb Rso0/Ress
VARIg (Rss0 — Re70) / (Rsgo +Rezo — Ruso)
VARIr (R700 — 1. 7X Re70 +0. 7X Ryz0) / (Rroo +2. 3 X Re70 — 1. 3X Rys0)
SR R744/Resr
TVI 60 X (Rsoo —Rss50) — 100X (Rg70 — Rss0)
GRVI Rso0/Rss0
MSI Ris99 /Rsio
21 350~1 300 nm,1 451~1 800 nm 2 051~2 300 nm

Note:i is any wavelength in the range of 350~1 300 nm,1 451~1 800 nm and 2 051~2 300 nm
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Table 3 Results of RF estimation model based on different class of features (n=179)
RFE RF Training set Test set
Type of Number of Feature numbers RMSE/ ) RMSE/ )
RF modeling feature R? R?
variables  initial features after RFE kg » ha ! kg « ha™!
OR 9 5 Rs71 5 Ra6 s R7a9 s Ri1s0 » Ryso 269. 34 0.94 700. 06 0.52
FD 19 7 R'150 s R's50 s R'542 s R'783 s R1690 s R 524 s R 1770 265. 61 0.94  685.96  0.57
PA 16 8 H,Dr.Dinr,SDb, VI, ,VI,,VI; . VI, 228.16 0.96 596.42 0. 64
VI 26 7 NDBleaf, OSAVI, TCARI, MTCI, PRI, SIPI, VARIg 217. 25 0.96 557. 87 0.70
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