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HNSTIEAE S Landsat JEESAR, IRR THIGHE BERIE W1 AGB {5 BB RUt:, TPAL T3 4 A (5 B R A 8 5 . AGB

UREI CR G FI R G M FE R E B AT — AR BR B2 B 1 4347 8 FH°F- & ( Google Earth Engine) 14 T /66 B 14 58 n] 5
P& AGB AESERETY 25l T 5 9o JR 2 AF R AGB 25 [l 4341 (81, S5 SRR . (1) 55T PR 3 3 JRR IR 199 4 vk ol DS A 7R 4 g
fHRE 8% —40% MY B AGB ZE AL , A & (6,9 — AL Al #5 #8 # ( Green Normalized Difference Vegetation Index, GNDVI) X B}y
AGB fERERE ST (40% ) o (2) FT 38 KR Tl A 466 B 358 (] I PR DI04 R 0.57, A SIS INR & A5 B, BTN
FH AGB AR IIAER S Fr AR T Mt R 0.62 1 0.63, (3) 3T 4 HIE Fas Jk K - 119 22 DR 24 A7k A2 260 BB A% 112 oo 5
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Estimation of grassland aboveground biomass on the Qinghai-Tibet Plateau
YAO Yuwei, REN Hongrui *

Department of Geomatics, Taiyuan University of Technology, Taiyuan 030024, China

Abstract: Timely and accurate assessment of grass production is of great significance to the scientific management and
sustainable development of grassland resources. The Qinghai-Tibet Plateau has specially natural environment with significant
climate differences and complex topography. There are major limitations in relying only on remote sensing information to
accurately monitor changes in aboveground biomass ( AGB) in grasslands. In this study, based on the grassland AGB field
measurement data and Landsat remote sensing images on the Qinghai-Tibet Plateau, the validity of vegetation indices in
characterizing grassland AGB information was explored, and the influence of meteorological information and topographic
information on accurate estimation of grassland AGB on the Qinghai-Tibet Plateau was assessed. Based on the
meteorological, topographic, and remote sensing image data, gradient boosting regression tree models for estimating
grassland AGB were constructed on a new generation of earth science data and analysis application platform ( Google Earth
Engine) , and the spatial distribution of multi—year grassland AGB on the Qinghai-Tibet Plateau was mapped. The results
show that: (1) The linear regression model based on single remote sensing factor could only explain 8%—40% of the
changes in grassland AGB, among which the green normalized difference vegetation index ( GNDVI) was more capable of

explaining grassland AGB (40% ). (2) The gradient boosting regression tree model constructed with remote sensing factors
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had an R of 0.57 for the test dataset. With the addition of meteorological information and topographic information,
respectively , the accuracy of the model for estimating the grassland AGB was improved , with the test dataset R” of 0.62 and
0.63. (3) The multi—factor estimation model coupled with meteorological factors, topographic factors, and remote sensing
factors could effectively improve the accuracy of grassland AGB estimation. After optimization by the recursive feature
elimination method, the gradient boosting regression tree model based on 13 feature variables had the best fitting effect
(training dataset ; R*=0.79, RMSE=43.42 g/mz, P<0.01; testing dataset : R*=0.66, RMSE = 53.64 o/m’>, P<0.01),
which could explain 66% of grassland AGB variation. (4) The average grassland AGB on the Qinghai-Tibet Plateau was
94.58 g¢/m’ in 2010, 93.63 g/m’ in 2015, and 100.78 g/m’ in 2020. The grassland AGB in the northwestern part of the
Qinghai-Tibet Plateau was lower, and the grassland AGB in the southeastern part was higher. The overall distribution
pattern showed a gradual increase from northwest to southeast. The research results provide important references for studies

such as the accurate estimation of grassland yield and carbon storage on the Qinghai-Tibet Plateau.

Key Words: the Qinghai-Tibet Plateau; grassland aboveground biomass; gradient boosting regression tree; remote sensing

2 o b S R G Y TR G Ay, AR ) R VE LR R POl e rh A G E R T R
A=Y (Aboveground Biomass, AGB) J& RAEAE # A KOIRIE | [l B 85 1 A B BEAR bR, AT DAAT R0 1 75 1 A= 7 2
B, J2 7 iR FH R SRR G R A F A R AT S AGB BLAR K R R VA BN A SR LA R X

HH, S AGB I 7512 3 A 455 1% 2 9% 1l T ) R o s 0 e i 00 D A o R
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#(soil adjusted vegetation index,SAVI) " &5 (HAE#EHE 40 F B JRBRPEFT BB 25 52 m0 AGB Al 53 EwfA M, ) An 7
56 5 A R T NDVI SUBE AR, 5y BRI G ), Ah, Bt AGB (1725 4k 32 1 P15 PR 38 52 i
PR L T AL DR 3R [ DR R A B A R B A — R IR S AN M, X T R 2R R
A B2 2T S LA G (g T VALY B 10 LR I R T LSS 5 R AGB 19 2Rl i P 3, 2%
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REAITEAG S R AGB Jy A R AW ),

T e SR T A A S IR SR M B BT A b BRER A ZBR, BRI E E B A AN bR, B
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Fig.1 Distribution of grassland AGB sample sites on the Qinghai-Tibet Plateau
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MR SRR BN AR E LA TF R Z2 02 RIS S0 34 55 S2IRE 5197 A4S, SCHR RS SRR ] Ry 2004—
2020 4 7—8 H , RAFH e PR M F-F-30 H HAT 23 QR M i R s e b, Forp A ik 2—9 DMEREM T HETR
/IR 0.25 mx0.25 m—1 mx 1 m KEFE 7 PRG350 49 57 i i X351 i ABERR LT R
1.2.2 BHRTR

1 S FORER FH 23 [8) 70 BER R 30 m, B[R] 43HE% 4 16 d ) Landsat 1%/ T80 , f045 Landsat 5 Landsat 7
F1 Landsat 8, 1984 4F 3 H A& 5 it fbih TR0 H 28 F0 DAL, Bl Landsat 5 VA, #7H7 T™M f2J8%%% . 1999 4-4 H
KW Landsat 7 T2 5 Landsat 5 7E25 [8] 43 FE R AN G IS Fr 0 7 TH BE AR — 2, 1% DA ETM +L 8 3
TM (L8 2 T —> 15 m 25 [ A0 PR I 2 @I B, 2013 4F 2 H & 519 Landsat 8 OLI fZJR 2548 ETM +{% 2%
B T IR ARG 2 BB, I BT I 43 MRS 40, Landsat 5 TM  Landsat 7 ETM+F1 Landsat 8 OLI 2/
B BARMEBILER 1, SC R AGB Ff SURFERT ]y 2004—2020 4 7—8 J, % Iif Y 5 A5 3k B (1] 43 1] Sy
2004—2011( Landsat 5 TM) , 2012 ( Landsat 7 ETM +) I 2013—2020 ( Landsat 8 OLI) , i 14 GEE “F 5 4k it
Landsat 5218, & = BTGNS | ARPEAE SR B () 5 BSURH 07 1% BR-05 B s S S5 (B IR w18 B0 8l , i T 28
= JE FECE GBS SR BEBCRAE I [ s AR AR

% 1 Landsat 5 TM Landsat 7 ETM+#1 Landsat 8 OLI i {5 &
Table 1 Landsat 5 TM, Landsat 7 ETM+ and Landsat 8 OLI band information

s Landsat 5 TM Landsat 7 ETM+ Landsat 8 OLI

Ve Bifig ‘ S \ S~ ‘ N

Band description WS WG [/ m B TS FEl/ wm iz ass T FEl/ wm
Band number Band range Band number Band range Band number Band range

5% BL Blue 1 0.45—0.52 1 0.45—0.52 2 0.45—0.51

LR B Green 2 0.52—0.60 2 0.52—0.60 3 0.53—0.59

L1 Bt Red 3 0.63—0.69 3 0.63—0.69 4 0.64—0.67

ITLLAME BE NIR 4 0.77—0.90 4 0.77—0.90 5 0.85—0.88

SHIELLAN 1 B SWIRL 5 1.55—1.75 5 1.55—1.75 6 1.57—1.65

SR LLAN 2 P B SWIR2 7 2.08—2.35 7 2.08—2.35 7 2.11—2.29

NIR ; T 4L /M BE near infrared band ; SWIR1 ; 212140 1 3B shortwave infrared 1 band ; SWIR2; & £1.71 2 I Bt shortwave infrared 2 band

IR AAE MY (=R R e ) ARG (AR R AR K D) SOk, mRREAIEE B Shuttle Radar
Topography Mission( SRTM) ,Z3[A] 53124 30 m, H =186 GEE $&41E 35 5 Fs i) £ i ook v 72 85040 1
AR, SEBIK B E R R LR S G —E F 3k R SR E 5 P (hip 2/ www. geodata. en ) Y 7%
AR SEAKBAE , 23 [ 43 3% 1000 mPY L T2k 2004—2020 4E % H S 550808, WHE4E 12 > A 6 <8
It OV 2 (A5 B AR 290 12 S A B AR K B R FNAS 2 AR oK B 45 SR E R BE 2 30 m 28 [Al 43 | i
55 45 B 1 RT3 ARG g () 4 S 38 SR AR R K o
1.3 Bk
1.3.1 SRR

TIFFEAE 1) AR AR AR A B 20 7R i, HL PP i BB (45 B0 BE SO R Blue \Green \Red \NTR ,SWIR1
FISWIR2( % 1) , % JHAEHFE £ NDVI _EVI (GNDVI NIR, \RVI SAVI .DVI OSAVI Fl MSAVI( 3 2) . B HdE
4GS (dem ) | ¢ B (slope ) F3% 9] (aspect) . <5 204 A2 45 4F °F 4 I ( temperature ) F14F [ /K i
( precipitation ) ,

1.3.2 ik

R AR B[] (14 22 T G2 2 R R 700 0 RS 5 i Lok 22 A R I A o 4 AR R TN A 2% T RURAK
AR R M AT S 2 3 R T B ( RFE) D0 SRR AR A8 | 5 BT A 28 ey A B0 v R4 1 25 | AR
PSR S0 Y (R R AR AR i T B IO 05 25 AR, IR0 T 14 R AE A8 B 2k 5 i AR A1 2 | P B3k 0 25 A RRAE
R AR IR, B E A RSB B , AR B AR (0, 15 B B R T4
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F2 AHRRAVEREHR
Table 2 Vegetation indices used in this study

TEAEHEEX Vegetation indices A3 Formulas 5] References
I — (22 {E AR 2 Npyi = NIR ~ Red 10]
Normalized difference vegetation index (NDVI) NIR + Red
it 00 L 4 % NIR - Red
uﬂifﬂmﬁaﬁ_ - EVI = e X 2.5 (11
Enhanced vegetation index ( EVI) NIR + 6Red — 7.5Blue + 1
L a ] — wIs% NIR - Gree
S A - oxpyl < MR = Green 132
Green normalized difference vegetation index ( GNDVI) NIR + Green
RS SURAR] TR < E NIR - Red
FLBALELIN AL . NIR, = ——— " x NIR [33]
Vegelation near-infrared reflectance index (NIRy ) NIR + Red
W e % NIR
et wyp - MR "
Ratio vegetation index ( RVI) Red
R A R4S % NIR - Red
LRARAGREN SAVI = ——°C__x (1 +0.5) [12]
Soil adjusted vegetation index ( SAVI) NIR + Red + 0.5
ol
%@mﬁ?ﬁ’& o DVI = NIR - Red [35]
Difference vegetation index (DVI)
Dol A3 B M Bl A KR 0SAV] =  NIR - Red 136]
Optimized soil adjusted vegetation index (OSAVI) : NIR + Red + 0.16
16 e 8 - MR R AR 5L MSAVI = (2XNIR +1) = +/(2xNIR + 1)% - 8 x (NIR - Red) [37]
Modified soil adjusted vegetation index ( MSAVI) B 2

1.3.3 AU

Fs B 444 35 [ I 44 ( Gradient Boosting Regression Tree, GBRT) **' J& & T4 il 2% ) Hf Boosting ;gr/j& ) — Ak
i AR DL AR S 5557 2 8% B2 2 S IR 2 2 T b A2 2 #8100 i 2 45 2R, V36
DR 2 AR E 5 T R AT 1) 2 20 i, DT ol F 00 0 25 A Wi/, ABEROHE e 4 v, 280 2 kAR A S5 R
JITAT 2 S fR HAHBR R AR E® . GBRT BEMSIE I 24 AR MR P AE BG4 ) mE S TR
7, JUIGE 2R T2 B =

AR GEE TG 4- 4L GBRT A 54 ACGB, A4 i 5E M AGB A I B 1 , 4331 2 37 3 Jgk |

BB TR GEEAIIE SRR+ IR VR GBRT A58 S50 AGB R i, $R IO [ SRAF: i 1] 119 228 Ja |

WA ARG R T RBIYNGR, 25518 VR AR BRI 0 e de U072 &, MO A GBRT R AU 2% 0 i 1 iy )
RS L o 28 SN i M ADh 5 R B i AR RS 5 30 47 s Bt AGB 2 [1] 3 A
1.3.4 KiEEPEM

TEPERE SUBUIE Y 7094 IR EE , 30% A il 4E | i H] A 38 SCRIE AT HERA MEDEAL o TRl | i B ke
Z U R*( Coefficient of Determination ) F144 /7 #3122 RMSE ( Root Mean Square Error) X 45 U481 & 24 S F 4745 FE
W,

RR=1-—"1 (1)

/Zj_l (v =5
RMSE = (2)

A,y N DEES RS H AGB; y, SAEE i ARSI AGB 5 y S SEIN R H AGB BB ;0 R
SEIRE S AN

2 ARER

2.1 SEECHL AGB Siitori
90 5 SR S R M AGB SE i ot SRR (36 3) 210 ASEINRE S Y AGB {H 76 B A K A7 —E 2
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5 5/ ME R 2.95 ¢/m® SRR 440.46 ¢/m* SEIIER 135.09 g/m? AR5 RECH 0.70, Forfr, SCHRISCHERE A3
3197 4>, AGB “FHY(E 9 134.89 g/m” R R KN 071, BFAMSZINEE it 13 4>, AGB | K{H M 336.95 g/m” .
B/ME R 31.13 g/m? SEHIEN 138.12 g/m’,

£3 HEih AGB WMEMSKITHH

Table 3 Statistical analysis of grassland AGB observations

BE RO P E RME e/ ME b2 A2 5 RAL
s Average/ Maximum/ Minimum/ Standard deviation/ Coefficient
Sample dataset ) ) N ) .
(g/m") (g/m”) (g/m”) (g/m”) of variance
SCHERIAE SR Data from literature 134.89 440.46 2.95 95.30 0.71
W ARSI Data from field survey 138.12 336.95 31.13 77.62 0.56
A3} Total 135.09 440.46 2.95 94.31 0.70

2.2 AR [MH ST

WA B 5 S0 R AGB EATE Mk N 20 M, X EL A BT 25 SR A0 (&1 2) o BR3EEE | % 1) RAR S 35 IR
A AR S i ot i E R (P<0.01) , 1E B 5 R HE AGB A A P sE R 2L R*TE 0.08—0.40 i [l 4,
1, GNDVI 5 AGB Z [l AH Xk &, R*M 0.40, NDVI(R>=0.39) fi 8 AGB ¥ fE /1 88{% T GNDVI, NIR 5
AGB HHHESAR, R* R 0.08, KEFMHIEH Frf AF[EK & SRS AGB Z[RIAH S =, R 43 5k 0.28 F
0.12, £ AL, GNDVI 5 AGB WG RCR BT ABARE MRS 9 = J5t 40% Y FEHE AGB 284k
2.3 BEAIPERETEAG

ST GEE VMR 3R+ RS EE+ Y GBI+ + 1L VIR GBRT BERIMREANSR 4 £ 5 T

0.45
0.40 —
0.35 _ 1 | —
g ] __
= 0.30 ]
<
g ]
ﬁ%go.zs
e —
s
KE 020
g
2
&
g 0.15
&)
0.10
0.05
0 — 1
® g VB ¥ - N Z Z o &K o > o Z g © g 2 B
= = > > =} =
E 2 &z EEE 20 3RrEz2 232 2 8588
&) BBZ Z 2 T, B T B 2]
n »n 5 © = & &
3 £
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B2 BLTE5LNEM AGB WX ER
Fig.2 Relationship between single variables and measured grassland AGB
NIR ; LT AN B SWIRT  JE LT A0 1 P B ; SWIR2 45 2141 2 1 BE ; GNDVI, & (0 U — fb Ml 15 45 550, E VI, 488 3 280 A B 35 450, NDVIL 0 —fk 22
(BB H DV 25 (EAE DR B0 RV FUEAR B B NIR AR BT L1 A SR SR8 50 SAVI: + S M bl 78 450 OSA VI 1t Ak +- 218 4 it bk
FEH; MSAVI . AE UM + 3 35 A48 4L
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o AZad RFE FRIFREEZ A (£ 4) , BT 2 F0 R H P41 GBRT #AIN R* 4 0.55, RMSE 4 61.75
g/m’, BCEET B — MRl B Il VTR B A W S 4 5, TR RE 55% REiHh AGB B ARIE L . A R K T Y ik
fili b A3 S ARG M R AR AN R 435174 0.59 F10.60, ZRG i S MHIEEHR 5 , B
OGS B4 3 0.62, RMSE 4 56.49 o/m” A EIPEREIS 2 T A 8GR T,

FET RFE RIE M FFEAS 544 2 1) GBRT HLHDRS BE AL T4 A 23 AR f i, f 38 5 AT %0, L GNDVI,
Green . SWIR2 EVI NDVI .DVI Red .SWIR1 NIR .Blue .SAVI Fl MSAVI Jy#i AZ% & 1918 BAS AR, R H0.57,
RMSE 4 60.27 ¢/m*, FE ik f5 FRIE AR S AG 10 18 B+ R 5 3 B+ MU AR AR M RE 3 &1, Wk R 23512 0.62
F110.63, RMSE 43 51l P&k 3.93 g/m2 M 4.49 g/m2 o LA GNDVI, precipitation , slope , temperature , dem . aspect
SWIR2 ,EVI Blue ,Green \NIR ,SAVI Fl SWIR1 by LAt #4 2 () 28 B+ L2 + MU GBRT #E7L i 4E R* 0 0.66,
RMSE 4 53.64 ¢/m”, 28t FRAF I 26 J5 19 22 8% GBRT AL YA IR BE 4255 T 0.09, RMSE [&fIK T 6.63 ¢/m*  #i%
BN ZE4E RPN 0.70 255 % 0.79,

R4 RETHERIEN GBRT BRI
Table 4 Evaluation of GBRT models without feature filtering

W A HRELIE Testing dataset YIZEHE Training dataset

Input variables e AL By HiRzE » eE RA By iRz p
R? RMSE/ (g/m?) R? RMSE/ (g/m?)

R 0.55 61.75 <0.01 0.67 54.72 <0.01

IR+ L R+M 0.59 58.99 <0.01 0.70 51.78 <0.01

Y R+T 0.60 57.66 <0.01 0.70 52.60 <0.01

R+ G+ HIE R+M+T 0.62 56.49 <0.01 0.74 48.37 <0.01

R: 12/ Remote sensing; R+M ;& /&K+S 4 Remote sensing+Meteorological ; R+T ;3% +H1JZ Remote sensing+Topographic ; R+M+T 3 B+ 5+

J Remote sensing+Mete()r()logical+T0p0graphic;R2 RE BB coefficient of determination ; RMSE : ¥ 77 #3122 root mean square error; P LA E P E

P-value
£S5 ZIFHERIER GBRT B
Table 5 Evaluation of GBRT models with feature filtering

MR ELE Testing dataset U ZE e Training dataset
AR e . 37 MR
Variable type Input variables d%ﬁ:z;%ﬁ )H;h%% P RERE RMSE/ P

R RMSE/ R ;
(g/mz) (g/m”)

M R GNDVI, Green, SWIk2, EVI, NDVI, DVL, = o 60.27 <0.01 0.70 52.16 <0.01

Red, SWIRI, NIR, Blue, SAVI, MSAVI
GNDVI, EVI, precipitation, SWIR2,
MBS S RM precipiiation 0.62 56.34 <0.01 0.75 47.91 <0.01

temperature , Green

GNDVI, slope, Green, EVI, dem, aspect,

JER+HIE R+T SWIR2, MSAVI 0.63 55.78 <0.01 0.77 46.10 <0.01
RS L GNDVI, precipitation, slope, temperature,
R+M+T dem, aspect, SWIR2, EVI, Blue, Green, 0.66 53.64 <0.01 0.79 43.42 <0.01

NIR, SAVI, SWIR1

RLEE B RAR L KR B S S RFE FRAEJC 285, BERL S RS E 8 2 $E /o L GNDVI,
precipitation ,slope . temperature ,dem ,aspect  SWIR2 .EVI Blue ,Green ,NIR ,SAVI I SWIR1 R Y GBRT
A AT B AR B, AT A R B JRL R AGB 66% 11472 1k (I I di 48 R* = 0.66, RMSE = 53.64 ¢/m’, P<
0.01) . HZAAME I B Bt AGB 552N Rt AGB AL M OC 3 DL R B R 40 A 15 00 (&1 3) |, AT AR R 8 4k ¢
FRESF RIS AGB A LLE = I R AL TH r m AIK , AA7EARAG IR B0 . IEHE Z0 A T 3, Sl AGB A 15 il R
TAGME . AGB, SEIU AGB £ 41 DU 43 7 300 Bl 7 50—180 g/m”, kil AGB %5 41 P4 433 %4 415 [l 7 80—
160 g/m’, W LEHALEL P80 B HAT AU 20 A RPAE
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