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Abstract. The mangrove ecosystem is one of the most effective carbon sinks in the world. However, estimating mangrove carbon stock is challenging due to limited
accessibility, workforce requirements, and time constraints. Additionally, linear models derived from remote sensing data often show low correlation with mangrove
aboveground biomass (AGB) and carbon stock. Thailand is a country in Southeast Asia rich in mangrove ecosystems; however, few studies have developed methods
with remote sensing to overcome these challenges. Banlaem mangrove forest is the study area for this study, located in Tha Sala district, Nakhon Si Thammarat,
southern Thailand. Unmanned Aerial Vehicle (UAV) imagery was selected for the development of estimating the aboveground carbon stock at the study site. Machine
learning was applied to generate linear and non-linear models between UAV-derived variables and ground-truth AGB. The models were validated using the coefficient of

determination (R? and root mean square error (RMSE). This study aims to develop an accurate model for AGB in the Banlaem mangrove forest, located in Southern
Thailand.
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|. Introduction |I. Methodology

Despite the growing interest in carbon assessment, especially in

mangrove ecosystems, Thailand still has limited studies using

remote sensing to overcome fieldwork difficulty. A few previous Remote Sensing Data
studies have used remote sensing to estimate mangrove carbon v

stock (Jachowski et al., 2013), while most still rely on traditional * , - *

field-based methods (MaCintOSh & AShton, 2023, Sribut et a|_, Surface Reflectance Vegetation Indices Textural Features Canopy Height Model
2020; Srimoh & Markphan, 2024). This study introduces a | FE—
modelling approach for estimating mangrove carbon stock using —T S Optimalfeature sefecton T A ama Pob
UAV technology and machine learning. The results are expected " " « L
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Fig1. Research framework. o Fig2. Study ite.
1. Results and Discussion

Actual vs Predicted AGB (XGBoost)
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Fig4. All plots: feature importance, AGB estimation plot, and residual plots (from left to right).

Fig3. Mangrove spemes found at the study S|te 1) A. marina (Ieft) nd 2) Rh/zophora spp (mlddle and right).
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Table1. Summary of AGB prediction models e e i
Plot Type (Species Composition) Best Model R? RMSE T
All plot (every composition) XGBoost 0.90 2081 | ] 2 " ]
A Marina SVR 0.92 1155 — Lo
Coexisting A. Marina and Rhizophora spp. XGBoost 0.93 1263 — : L O S S B o]
From testing 21 variables using a genetic algorithm (GA) for feature selection across —~ —— : ) ———
four models—Multiple Linear Regression (MLR), Random Forest (RF), Support “0,1 .
Vector Regression (SVR), and Extreme Gradient Boosting (XGBoost)—it was found S e B
that: Figd. A. marina plots: feature importance, AGB estimation plot, and residual plots (from left to right).
* Overall, based on cross-validation (CV), the analysis of models for each tree e R
composition demonstrated high accuracy, as indicated by R?and RMSE (Table 1). ... | :
* Both XGBoost and SVR were among the most effective models. = e b
* The optimal features varied across each tree composition (Fig 4-Fig 6). S o -
* The AGB plots showed a good model fit, demonstrating the effectiveness of =L = - L
machine learning in estimating actual AGB (Fig 4-Fig 6). = : B e e .-
* The residual plots were randomly scattered around zero, indicating that the =i “ N i
models captured the relationship in the data without systematic bias (Fig 4-Fig 6). m:ﬁ} 0 o @ o w0 w1
*  Future Work: | o T
1) Estimate AGB values using machine learning and compare them with . - . L e

Fig6. Coexisting A.marina and Rhizophora spp. plots: feature importance, AGB estimation plot, and

actual AGB measurements. residual plots (from left to right).

2) Study the mangrove blue carbon ecosystem services of this site.
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