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Abstract: [Objective] This study integrated airborne LiDAR point cloud features with a hyperparameter optimization algorithm to
develop a precise carbon stock estimation model for Pinus elliottii plantations in wetlands. The aim is to provide a scientific basis for large-
scale carbon sink monitoring, thereby supporting forest management decisions that align with the "dual carbon" goals. [ Method ] Taking

Pinus elliottii plantation in Guangdong Province as the research object, 101 point cloud feature variables were extracted based on
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airborne LiDAR data. The recursive feature elimination combined with cross-validation (RFE-CV) was used to screen the optimal
feature combination, and the Optuna hyperparameter optimization framework based on the TPE algorithm (with RMSE as the objective
function) was introduced to construct random forest (RF), k-nearest neighbor (KNN) and extreme gradient boosting (XGBoost) models.
The model performance was evaluated by R’, RMSE and MAE, and the SHAP value was used to analyze the contribution mechanism
of features to the prediction of carbon storage of Pinus elliottii. [Result] 1) Five optimal feature variables (Ao, Ausor Hios Hoss Iax)
closely related to the estimation of Pinus elliottii carbon storage were selected by 5-fold RFE-CV. Compared with the model using all
variables, feature selection significantly improved the prediction accuracy of each model. Among them, the XGBoost model has the
most obvious effect (R” increased from 0.78 to 0.89, RMSE decreased from 0.63 to 0.46 t, MAE decreased from 0.48 to 0.41 t); 2) The
Optuna hyperparameter optimization framework based on the TPE algorithm is significantly better than random search: the RMSE
value of the XGBoost model is reduced by 2.31%, and the error adjustment percentage (13.13%) is 3.57 times that of random search.
The convergence iterations of the RF and KNN models are reduced by 33.33% and 49.18%, respectively; 3) After optimization by
Optuna-TPE, the accuracy of each model has been significantly improved: the XGBoost model achieves the highest accuracy, with its R*
significantly increasing from 0.89 to 0.93, thus becoming the optimal model; 4) SHAP value analysis revealed the difference of feature
dependence in different slash pine models: 4,;,,, dominated XGBoost prediction (SHAP = 0.64), while H,s was more critical to the RF
model (SHAP = 0.28). [ Conclusion] This study showed that feature selection and Optuna hyperparameter tuning based on the TPE
algorithm are crucial to improve the performance of the Pinus elliottii carbon storage estimation model. The optimized XGBoost model
combined with the optimal feature combination realized the high-precision estimation of the carbon storage of Pinus elliottii plantations.

Keywords: Optuna-TPE hyperparameter; carbon storage; random forest; KNN; XGBoost; Bayesian optimization
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FESEIARFEA B TG AR R, 6
DJI 44 M300RTK Jo AMLHE# DII L1 # B4
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Table 1 Summary of plot information

FEb S PR3 I M || fE A TR T
Plot No.  Tree number / # Mean height /m Mean DBH /cm || Plot No.  Tree number/#&  Mean height /m Mean DBH /cm
1 86 17.48 11.94 22 140 12.89 13.01
2 74 18.60 13.05 23 118 14.02 11.37
3 90 13.77 9.84 24 113 13.35 11.26
4 101 12.79 10.11 25 152 12.25 11.56
5 87 17.35 11.65 26 112 11.16 8.79
6 82 15.60 11.12 27 98 9.67 8.05
7 78 17.36 11.47 28 70 16.26 10.19
8 126 13.52 8.74 29 109 13.76 13.16
9 125 12.84 8.04 30 101 16.16 13.21
10 143 12.22 9.08 31 121 16.54 15.31
11 36 21.75 13.56 32 125 7.78 4.66
12 50 25.83 17.39 33 61 9.34 4.90
13 140 13.07 9.33 34 168 10.88 6.28
14 48 28.43 19.31 35 110 14.45 11.67
15 101 16.60 14.47 36 103 14.25 12.22
16 116 15.69 14.70 37 102 15.68 10.78
17 105 15.37 14.96 38 85 16.75 11.78
18 64 17.16 15.50 39 67 19.49 13.40
19 164 12.51 10.85 40 77 18.41 13.07
20 81 14.72 8.44 41 71 22.90 16.56
21 45 24.77 14.45
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Table 2 Point cloud characteristic variable

RS RHIEAS filiig R RHIEAS filiid
Point cloud feature variable Description Point cloud feature variable Description
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2.50r | 3
2.25¢
2.00
1.75
1.50

1.25
1.00f
0.75¢ |4

2 X BAE1E 4 Cross-validation score

o, o 9 A ° oo
S s [ N P52,

0.501 | ) : d .
0 20 40 60 80 100
FFESUE Number of feature

BN EFRIR 1 R SIRIERIE TR R ZE (RMSE) 1343, R KEBLR
AT SRR AR S . R EHIL RN TLXAE SURAE ) RMSE 134310
T AERERIRE T RIURTERE (5 .

Each gray dot represents the score-root mean square error (RMSE) from one
cross-validation run, while each gray line shows the trend of variation across
the folds. The thick black line indicates the average RMSE across all five cross-
validation runs. The red dashed line identifies the optimal number of features (5).

E | RFE-CV fHEEZEREREREFHERE M T Lias
Fig.1 The variation trend of the accuracy of RFE-CV
feature selection with the number of features
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Table 3 Evaluation of model accuracy

A AL Yo RS BIRIRE CPEg iR
Variable Model R RMSE /t MAE /t
RF 0.71 0.74 0.63
LA
All variables KNN 0.66 0.81 0.69
XGBoost  0.78 0.63 0.48
e RF 0.86 0.51 0.41
e A
Optimal KNN 0.72 0.73 0.61
variables  y cpoost  0.89 0.46 0.41
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Table 4 Performance comparison of Optuna and random search in hyperparameter optimization of multiple models

T T R S Ty EryTSa
L Number of Error adjustment RMSE relative Iterative efficiency
Model Optimization method ~ The best RMSE . . L .
convergence iteration percentage /% optimization /% improvement /%
RF Optuna 1.389 8 52/100 4.14 0.20 33.33
Random search 1.3927 78/100 1.75 — -
Optuna 1.543 0 31/100 591 0.34 49.18
KNN
Random search 1.548 3 61/100 4.56 — —
Optuna 1.4393 27/100 13.13 2.31 0
XGBoost
Random search 1.473 4 27/100 3.68 — —
x5 BEUBSBNUERNEEN
Table 5 Model hyperparameter optimization results and importance
A S H AL R HEE Ay S H AL HEE
Model Hyperparameter Optimal result ~ Importance /% Model Hyperparameter Optimal result  Importance /%
R 190 8.25 R 434 2.34
W) B KR I 7 6.96 LSS ONTIL S 18 0.68
RF W R MEAR SR 2 4.68 A E 0.09 3.12
5 s ML 1 42.48 FEAFELL ] 0.84 0.41
I None 5.25 XGBoost RIS P LL A 0.95 0.35
EIIPRES True 32.37 /N AR R 0.01 3.12
AL Distance 25.70 L1 IENAL T 5% 2.63 88.65
KNN A A 7 71.26 L2 N4t 5 2 0.01 1.89
P 2 PRI 1 3.04
23 IRGEEEEES S51TEM F 6 AMEIEREEEETEN

R 6 A A1, FHMIEL T Optuna-TPE £

Table 6 Evaluation of carbon stock models before and
after tuning

o fE, MHaResR 3 T RERT . X T XGBoost i) ok zﬁgﬁjg /Ug?tﬁf
1‘;%@, TEHJLEE Rz }J\ 0.89 \E% }%ﬂg 0.93, RMSE Model Index optimization optimization
M 0.46 t B2 037 t, MAE M 041t [ % 033 t, R 0.89 0.93
FWZ AR (1 TR R e M T W Bt A XGBoost RMSE /t 0.46 0.37
KNN HAE MR SRR TN EE, RN 0.72 | MAE 1t 041 0.33
JF % 0.88, RMSE M 0.73 t [% % 0.47 t, MAE M K 0.72 088
0.61 t F£2E 0.40 t, B[y 37 Ak fi 3 A e B 45 3 KRN RMSE 073 047
THiER. RFBEAIUS, R M 0.86 $27H% 0.90, MARE ool 040
RMSE M 0.51t [ % 047 t, MAE M 041 t [ & . M;h zi Zﬁ
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Fig. 3 Scatter plots of measured and predicted carbon stock values for the RF, KNN, and XGBoost models
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Table 7 The SHAP value of the importance of
characteristic variables

A5 SHAP fi{ SHAP value

Variables RF KNN XGBoost
Ao 0.35 0.27 0.64
Aso 0.30 0.31 0.14
H, 0.26 0.27 0.36
H,s 0.28 0.20 0.01
1o 0.10 0.33 0.22
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