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Fig. 1  Overview map of the study area and distribution map of

sample plots

1% B BT 1815 GS(2024) 0650 S (AR v i =] I |, I IR e A6 8k

2.2 HERIESA

‘AC'c“

>

K M A Y = K & B0 (forest biomass

expansion factor,

BEF) Jiik, #MraElE—L

W05 e 5 A INBE 2 0
i 75 0 185 101 B 23 T A i%ﬁ&%ﬁ%,
2019) wﬁ%“T ANy, B %
%%(m%)éﬁ% A 4 14
WI5E., R 0STE ~ﬂ$§%ﬁ%ﬁ%$mﬁ
ﬁ%mm,A%+%&1mﬁ(mBﬁ%
#%@ﬁ%é%ihmmmﬁwﬁﬁﬁ_x
e DR, S T K T S
em /NBE (5 K4, 2020) ;5 £ % Peng 5%
(2025) A2 BEHUMEE 7 . FelUR 2L

=
Agzr

IR, FE95% BAR/KET, MR E N
95%, FLBEHR 477 HUNPEREA . it —2E R 2

JEHE E R A, X REA R T H AR, SRR
A3 25 HA S sl A7 A IH Sl S A /NBIE (R
WAL . BRI EE) (R E WSS, 2015), HKHE
Pauta #EW] (HY 3 A5 An il 22 I 00)) 2 Bt ity 55
HE B oA (-14.46—110.87 t/hm?) ( %,
2025; LiaoZE, 2022; A% ogﬁmﬁﬁm
3%&¢ﬂm?ﬁﬁoa$g§ér7ﬁ i
$¢Hﬁﬁ%*#@&?ﬂ5%%ﬁ$%¢%ﬁ
EAHE, EAIGRE.

B=V-SVD - BEF (1)
K BR/NBER I A EAEY R (Vhm?), V
SR /NPE A T AU BUE (m/hm?), SVD A3EAA
M (0.413 t/m*), BEF R4 4 55 B 250
(1.6509) (F5#ESE, 2019),

C=B-Cc 2)

K. CHmEILMARRAE S, B AR FAEY &R,
Ce MRG0 R0

222 EBEEE
ﬁﬁ@%%3amm$um OLI 3% & 5

%Jﬁ%ﬁ?%@ﬂﬁﬂié> S, mpﬁ

glovis.usgs.gov/, 5|

{515 B 2D ’@&é% om)%ﬁ&L

11 7 AR AL IE &E i TV 45 1 R i e

%FWJE%G&G

*®1 ﬁﬂ)lﬁzt'—ﬁﬂ%ﬁzkﬁx_ﬁéfﬁ

Table 1 Descriptive statistics of the selected sample and the remaining sample
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Table 2 Remote sensing image information
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Fig.11 Spatial distribution map of carbon storage of Pinus densata in Shangri-La City
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Vl&;lﬁ}wte sensing inversion of forest aboveground carbon storage based on
GAC feature selection and AST regression algorithm

SUN Kaiping',ZHANG Jialong’, TENG Chenkai’, YANG Kun’,HUANG Kai’
Dengliang*

,LEI QiWang’,XIONG

1.School of Soil and Water Conservation, Southwest Forestry University, Kunming 650224, Yunnan, China;
2.College of Forestry, Southwest Forestry University (Asia-Pacific Forestry College), Kunming, Yunnan 650224,
3.Faculty of Land and Resources Engineering, Kunming University of Science and Technology, Kunming, Yunnan 650093
4.Yunnan Provincial Basic Surveying and Mapping Technology Center, Kunming, Yunnan 650034, China

Abstract: Objective Accurately he aboveground carbon stock of forests is crucial for forest manai%“zg the sustainable
ti

development of forest e t 1nce single machine learning models still face issues such as low estimation
accuracy, and high when estimating forest carbon stocks, this study aims to explore 1;?@’ 1d %n e efficiency
of model b §| rediction accuracy, thereby enhancing the accuracy of abovegroum{l{&f‘e ion.Methods Taking

Fo urces Class II Survey data and Landsat 8 OLI imagery as data sources, a feature sele&gﬁ tegratmg Genetic Algorithm
(GA) and CatBoost (Genetic Algorithm and CatBoost, GAC) was proposed, combining GA' {Sﬁl
exploration with CatBoost's prominent strengths in mining nonlinear feature relatlonshw

ination (RFE) method to screen remote sensing

ization capability in feature subset
uantitatively evaluating feature importance;
on this basis, GAC was systematically compared with the traditional Recursive E
feature variables that effectively improve model accuracy, while the Hyperopt” hyperparameter optimization algorithm was adopted to
iteratively search the hyperparameter space of each machine learning regression model to obtain the optimal parameter combinations.
Subsequently, a stacked ensemble AST regression algorithm based on base learner mean fusion and meta-learner-based adaptive weighting
was constructed, which selects four optimized single machine learning models—Adaptive Boosting (AdaBoost), CatBoost, Random Forest
Regression (RFR), and Light Gradient Boosting Machine (LightGBM)—as base learners to fully leverage the unique advantages of each
model and significantly enhance the overall performance of the algorithm. Finally, remote sensing estimation models for carbon stock were
established based on six single machine learning regression models (AdaBoost, CatBoost, RFR, LightGBM, Support Vector Machine
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(SVM), and Extreme Gradient Boosting (XGBoost)) as well as the AST ensemble model, and after comprehensively comparing the
estimation accuracies of all candidate models, the optimal one was selected to conduct high-precision inversion mappingqf Pinus densata
carbon stock in Shangri-La City.Result;“F E selected 9 variables, while GAC selected 7 variables, among w, i%bles selected
by GAC contributed more io th @Cy of Pinus densata AGC inversion; 2) Based on Hyperopt, the h model were

of
s found that the optimal feature subset selected by GAC, whe%‘g@l n Y\g ti Igorithm for
$ sqta
i

iteratively optimized, eﬁ
regression fitting; ¢d the best estimation accuracy, with a coefficient of determination@ ﬁ@@m re error RMSE =
&3&/«, 2 Prediction accuracy P = 86.4%; 3) Based on the optimal estimation model, the al eﬁ; @c& on stock of Pinus densata

gri-La City in 2016 was estimated to be 7.70953 million t, with an average carbon densit 2015 t/hm?; 4) The directionality of
texture features has a significant impact on the estimation accuracy of forest carbon @ y the AST model, and the 45° diagonal
direction is the optimal direction for carbon storage estimation under this model.C n The AST algorithm exhibits higher stability and

in

anti-interference ability under multiple cross-validations, which effectively improves the estimation accuracy of nonparametric models and
thereby reduces model uncertainty. This method can provide an effective reference for the dynamic monitoring of forest resources in other
high-altitude areas.
Key words: Carbon stocks, Hyperopt hyperparameter tuning, machine learning, AST, Pinus densata, GAC, remote sensing inversion,
uncertainty analysis
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