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Sad 1 e — K& F SN, E5HFHEEA (DEM) 5 Landsat 5 TM, Landsat 8 OLI #4%, M LA H&
EBAE M AR, A3t 2 B4t e AR (& B AR Pinus yunnanensis ¥k, LA P. armandii ¥R BAT TR M), AR ER T E
)2k (GBRT). MALA (RF). MinthE I (XGBoost). ik =ik (PLS) Fv 4% 845 F 4291 (CatBoost) 5 5 # L%
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(R*=0.90, RMSE=5.66), EA%& &M IEXMEEAEE S ; T GBRT MA £ & dirtk 5 4 Lk P R F 42, FRBTRYS
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Aboveground biomass estimation of major coniferous forests in
Qujing City based on Landsat images

WANG Tong', ZHANG Chao'?, ZHOU Hang'

(1. College of Forestry, Southwest Forestry University, Kunming 650233, Yunnan, China; 2. Yunnan Key Laboratory
of Ecological Environment Evolution and Pollution Control in Mountainous Rural Areas, Southwest Forestry

University, Kunming 650233, Yunnan, China)

Abstract: [Objective] Forest biomass is a cruial indicator of the productivity and carbon storage capacity of
forest ecosystems. Studing its dynamic changes can facilitate a profound understanding of the functions of
forest ecosystems and offer a scientific basis for ecological management and carbon cycle research.
[Method] Taking Qujing City of Yunnan Province as the study area, a remote sensing estimation model of
aboveground biomass was constructed using data from one type of continuous clearing sample plots in every 5-
year period from 1992 to 2017, in combination with DEM and Landsat 5 TM, Landsat 8 OLI images. For the
main conifer species (Pinus yunnanensis, P. armandii and mixed conifer forests), five machine learning
methods, namely GBRT, RF, XGBoost, PLS and CatBoost, were compared to systematically evaluate their

fitting performance and estimation accuracy. The optimal model was selected through the comprehensive
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evaluation of R*, RMSE, rRMSE and MAE indicators, and used for the time series estimation of aboveground
biomass of major coniferous forests in Qujing City from 1992 to 2022. [Result] The estimation performance
of different models on the three dominant coniferous species varied: CatBoost model performed best in mixed
coniferous forests (R*=0.90, RMSE=5.66), with strong nonlinear fitting ability; while GBRT model performed
better in P. yunnanensis forests and P. armandii forests, with stronger estimation stability and explanatory
power. [Conclusion] This study indicates that the performance of different machine learning models in forest
aboveground biomass estimation varies according to tree species. Model selection should consider the growth
characteristics of tree species and their response differences to remote sensing factors, and avoid uniform
modelling strategies to improve the estimation accuracy and applicability. [Ch, 3 fig. 39 ref.]

Key words: Landsat images; forest aboveground biomass; machine learning; estimation model; Qujing City
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Yrie (AGB) JE AL R M A S R RE 11 AR S SR, Hsh 578 b B 1 S AR MR A SR AR AE ) 9
7= IR o AERRAE RS RGELEH 5 DIRERI 0T PR, AGB MR B Al B8 R 25 46 SRy 43 A7 2 R
S BRAAREAE A 5T RN A 25 2R 40 T FR A BATR A0 B B9 7 1) ) AL 48 AR MR _b AR 0 R A R b R A T vk
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PR ZHE,
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A MR D1 FA A E AR U5 ) s i 4536 AN AT AR E T o 7 DR BE AR Wl v B T e, A
ARMTEIRIE AT (B S5 . AR AE), SRR NI (SR ARG U | AR PEA S, AR
Bl A R 5 R AE SRS B AL SO R AN BT R B (TM) 38 I8 18 5 AR R0 TR 3 A 5
Wi, FEE T o0 I RERY, STEE TN R %A U R I X AR A e i B S A R A A R AR
I FH Bl iS5 A (OLT) 8 S8 AR B UM DG SR Rl -, SR 2P [ A 5 A 8 7 08 7 Tl o L il DX ) bR
A A AR S AR AR U BTN T 199 ANEERBSZINEE , A Landsat 8 OLT 5245 45 US4 i B
SIS ERGE, WE T o F A YRR SR X kA Y, 454 [ Landsat 7 ETM+52 44
SERIEATXT AT o

TEE IR Z A REE R, A S B IX I AGB WA FEAG B, IEE /R HoK i 2 A fb B, 2
DX AR U5 ) 5 e i A% TR B R (A . ARSI T 19922017 4F 5 a iy 1 I — 28 Sl A&
FEMEE , 454 Landsat S TM 5 Landsat 8 OLI Z i Al i AR SEU 7 BB A (DEM) . SUHSAE A
P BCE 7, WA EE R T LA R (GBRT) . BEMLARAR (RF). Rt 32 T (XGBoost) . /)y —3f
2 (PLS) FIAr 2280 BE 4 Tt (CatBoost) 5 L FHL AR 2= I BA | RGIFAGAS [ ) K F 78 AGB Al A 2
s () S b A R R aE F A, AR DU i T R A A R, PRt AR AR, f55T 1992—
2022 AEA YRS S S SR, R ARARBR A FORG T W DU PR AR R S A

1 #MHS 7%

1.1 HREXER

=4 AT AL T 24°21'00"~27°03'24"N, 103°03'44"~104°32'36"E, -+ Hb BRI 2 28 900.0 km?,
PR Y 1 881.0 mo JE AT =K MR, AR 14.8 °C, AEBREK SR 560.0~1 026.0 mm, F
BB SRR B B I MR SRR AR, AR AR 2 TR Ak, BRDLRSR IR AR AR N T 32, il
MRARMBTIRB N FH , 2021 4FFRMAE 55 %55 50.5% . PLHEWF T EAHE R BN Pinus yunnanensis . 2K
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Cunninghamia lanceolata, *£1I#5 Pinus armandii. ¥:3% Quercus spp. (W KER Quercus acutissima. & X
Quercus glauca %) N iHZES Camellia oleifera %% .
12 HiRWESE

PRI A Mg 1992—2017 4 6 ] (5 a4 1 ) SRMGEFE SIS A5 . = M8 DGR E 20
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X4, Gkt 3 A ELA AR ZEAAR . AR IR R IR S AR, 23t 417 DR AL R A AR
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SLE AR AL, RIEEEA MR (DBH), Wm RBAE A K E T EITAA R, S ER e YR
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ARE 2007 4F 2= 4 Mo T ARAR SR 2R A Bl ™, T afe G gAY s BV E . —RiES0E
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1, mZRHHEE A B AR . MR B K A B2 [0 40 = 19 DEM (25 [8] 53 3158 30 m).
1.3 4FEIREN
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AR, DI e A= ) e i 25 0] o0 Al . DBCRARHIE . XF 6 MBI HIFE 3x3 . 5%5 Fll 7x7 45 3 Fiiid
FFEHCGLCM 19 8 48451, WHEBIMA . Jr2s . ¥ —M . XL ARG . M SPE. M T aE I,
SUPRAE AR ANSAAE . X LU BE R AT S AR AR o BB AN e 0N - BB RS Tl A 2, HE BiESE S5 AGB &
JEARG, IR 144 DS AR & 5 GME R £ 55 2 F LR AR aniH—fb g 5 (NDVI), 3
o 7 AR B 48 B (BVI). A 9 9 R B 48 £k (SAVI). T BAE B R B0 (PVD) . - A K LU E R B 4R 5
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T AGB Ji . @ FEM 741 %R 6 MBI T K-L 284, (REHE B K IHT 3 4> a5
(PCA1. PCA2. PCA3), TEREYEN AR B 5 A )i A AU AR DG R 25 GO A5 8., DATIT 8 e A5 2 ) At ft
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1.5 HEERERE
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B, IS S h AR AL S 40 B R, GBRT i id SRS AW I 2 A 5k 2, LTk o
BRI U PERE . AR ELREPLARAR, HOE I FARFRAELRYE | M ME 2R E e R, AXRHERE
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Gh, AP RII 25 S B R, BT A RO T A Y 0 jobs=1, Fuor I HI Z LRI .
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— R . SRR (B 1) B R SSARAE e = A8 8 R7Hom?2 ., b2, R7Sec2 455 mmMAM A
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22 EYEREBEITMH
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Figure 1 ~ Correlation analysis of remote sensing characteristic variables of 3 coniferous forests
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S, R AR DR VG R A R L X R AR B, XIARAE RE ) W E T . AL 1992 4R, A as
kg SR e AR | BEYORE R AR “rhismoh E . A iEsa”
3 itk
30 ARAHBMEERME “HE-EX” TE

AHFFREY : CatBoost B FEFT MRS M A M e A AL (R7=0.90), %4555 LUO P2 #83 Mas
JF RFE f#EE S S CatBoost 1) AGB il 4518 —%(, CatBoost (14 I T XGBoost I RF S5 4k i #5
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Figure 2 Scatter plots of the results of each model for biomass estimation
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