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Remote sensing estimation of forest carbon storage in Jiangxi Province based on
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Abstract: Understanding forest carbon storage has been crucial for the complete and accurate quantification of carbon
emissions and environmental monitoring in the context of climate change. The use of remote sensing data sources has proven
to be an effective method for estimating carbon reserves at the regional scale. Taked Jiangxi Province as the research area,

using the seventh National Forest Continuous Inventory (NFCI) data along with Landsat-5 TM remote sensing data. Image
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processing steps were performed on the Google Earth Engine ( GEE) platform. Forest carbon storage was estimated by
employing two feature selection methods ( recursive feature elimination ( RFE) and Boruta) , combined with support vector
regression (SVR) and three ensemble learning algorithms, including random forest ( RF), extreme gradient boosting
(XGBoost) , and stacking integration ( Stacking) , to comparatively analyze the estimation accuracies of different models in
detail. In addition, the Optuna hyperparameter optimization framework was used to determine the hyperparameters of each
model. Inverted the forest carbon storage in Jiangxi Province based on the optimal estimation model and drew a spatial
distribution map. The driving forces of carbon stocks’ spatial distribution patterns were analyzed using geographic detectors.
The results show that; (1) According to the feature importance ranking, RFE screened out 30 variables and Boruta
screened out 11 variables. The combination of appropriate feature subsets and regression algorithms can significantly improve
the accuracy of estimation. (2) Optuna-based iteratively adjusted the hyperparameters of each model. It was found that
when different subsets of features were combined with machine learning algorithms, there was a significant disparity in the
importance and values of hyperparameters within the model. The optimal feature subset was screened using RFE, which
achieved the best predictive performance when utilized in regression simulations combined with Stacking models ( R* =
0.527, RMSE=15.85Mg/hm”>, MAE=12.31Mg/hm’). The model effectively utilized the training data and combined the
advantages of multiple algorithms to reduce bias, which significantly improved the problems of underestimation of high
carbon density values and overestimation of low carbon density values. (3) The optimal estimation model was inverted to
obtain the average forest carbon density in Jiangxi Province in 2006 was 33.356Mg/hm*(2.585—88.943Mg/hm’) , and the
total forest carbon stock was 321.507Tg. (4) Among the natural environment factors, elevation and slope were the main
driving factors influencing the spatial distribution pattern of carbon stocks. All factors showed nonlinear enhancement and
two-factor enhancement under interaction. The spatial distribution pattern of carbon storage was the result of the synergistic

effect of natural and anthropogenic factors.

Key Words: forest carbon storage remote sensing estimation; ensemble learning algorithm; Optuna hyperparameter tuning;

Stacking; carbon density; Geodectetor
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Table 1 Biomass models and carbon coefficients of major tree species in Jiangxi Province

A (41) FiA FRFRAL E=PE
Species ( Group) Model Carbon coefficient References
_ M. = 0.032718D% 103 f0.60212
1:/7'(' i ! - 0.5201 [28]
Cunninghamia lanceolata M, = 0.008199 )2 62298 py-0.00956
= =N M, = 0.078D*'S O+
e ! } 0.4596 [29]
Pinus massoniana Mb’ = 0.00882802'738281'1 0.080255
Y H A M, = 0.083890D%*!
Y V ut ottii ! 0.4936 [30]
Pinus elliottii My = 0.043570D222877
e M, = 0.21360D*3046
o ! 0.5004 [31]
Quercus L. M, = 0.110595D>%57%
i M, = 0.10615D>*65%
H'[?f% . ! 0.4668 [32]
Liquidambar formosana My, = 0.09552 D2 1419

M, = 0.17685D>>%!
o ! 0.4706 [33]
Schima superba M, = 0.064079D% 19784
- Mg = 0.044(D*H) 0.9169;M, = 0.023(D*H) 0.7115

My = 0.0104(D"H) 0.9994;M, = 0.0188(D“H) 0.8024 0.4334 29
Other hardwood broad-leaved tree f ( ) L ( ) [29]

M, = Mg +M, +M, +M,;M, = 0.0197(D*H) 0.8963
ekl 2 77 0.952453 M,

= - . = 0.4956 29

Other softwood broad-leaved tree My = 0.0495502 (D°H) My 3.85 [29]

M, b L AEE Aboveground biomass; My M T A= Underground biomass; Mg : # T4 45 Trunk biomass; Mp . #4 K 4= %) 8 Bark biomass;
My APt Branch biomass; M, . A9 Leaf biomass ; D Jii{5 ELf2 Diameter at breast height; H ;. #J15 Height
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Fig.2 Landsat-5 TM composite image of Jiangxi Province in 2006
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Table 2 Feature variables were extracted in the study
AR B BN B AR ik
Variable type Variable number Variable name Description

Seteit
Spectral variables

LEEIEE 87

Vegetation indexes

SOHRHIE 68
Texture features
B RHIE ;
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B1,B2,B3,B4,B5,B7
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DVI

SAVI

MSAVI
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GNDVI

NLI
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IIvI

mNDVI

TNDVI

B AR (B )

=B RSB, )
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INE_w IMCOR1_w IMCOR2_w

1544 ( Elevation )
B (Slope)
Bl ( Aspect)

Landsat-5 F W 5% . B1 Ny Blue; B2 N Green; B3
A Red; B4 2~ NIR; B5 ° SWIR1;B7 *& SWIR2
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B4/B3
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(1+L) (BA-B3)/(B4 +B3 +L)

(2x B4 + 1 - [(2%x B4+ 1) -8 x (B4 -
B3)1?) /2

2.5%x (B4 -B3)/(B4+6xB3-175xBl + 1.5)
(B4 - B2)/(B4 + B2)

(B4* - B3)/(B4% + B3)

(B4 - B3)/(B4 + B3 + 0.16)

(B4 - B5)/(B4 + B5)

(B4 - B3)/(B4 + B3 - 2 x Bl)

[ (B4 -B3)/((B4 +B3) +0.5)]"?
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ASM : ffi B Angular second moment; CON: Xf [t Contrast; CORR: #1514 Correlation; VAR ; J5 22 Variance ; IDM ; % 22 5345 Inverse difference
moment ; SAVG : S P4 Sum average; SVAR; )5 2% Sum variance ; SENT; & # Sum entropy; ENT: % Entropy; DENT: 22 5% 4 Difference entropy;
DISS. 7 Dissimilarily;DVAR:%ﬁﬁ% Difference variance;SHADE;Kﬂ%ﬁfg Cluster shade; PROM: R Cluster promincnce;lNE:'lﬁ‘Hﬁ Inertia ;
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Table 3 Results of model hyperparameter optimization
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e iy L
E‘E%‘IEJEHL . ‘kernel” ; ‘poly’,“C’:4.69,‘gamma’ ;0.84 ‘kernel’ ; ‘linear’ ,‘C’:29.99, ‘ gamma’ ;7.66e-05
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=g . . , . , . . , . ,
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£ RFE SefURHIEF 45 R I“ B4 _27" 7€ RF | Stacking H HAT 5 &5 M REAE 220, 400 16% F 12%
SVR FAI T SCBIRFAIE “ SAVG 3" FAAIEE ZAE R 15% 5 75 XGBoost FLEI Y | HU(B AR HHE £ B2_137 X R fift 1Al
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Table 4 The explanatory of the different factors

HE T ¢ 18

Detection factor Tt 5 KK AH R i3 Eian) P
Temperature Precipitation Population Elevation Slope Aspect

& B Temperature 0.0389 0.000

[%7K Precipitation 0.0736 0.0136 0.000

AT Population 0.0911 0.0896 0.0661 0.000

4K Elevation 0.3279 0.3288 0.3313 0.3142 0.000

B FE Slope 0.0911 0.1858 0.2186 0.3506 0.1766 0.000

Wl Aspect 0.0454 0.0203 0.0720 0.3182 0.1809 0.0017 0.1738

q (EFR %S X B R A A 22 (R 20 S R 1 BRI s PARLCRAE 0.05 /K R HEAT B 38 A IR A 45
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