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Abstract. Zulkarnain, Saleh MB, Purnomo H, Kuncahyo B, Tiryana T, Puspaningsih N. 2025. Estimating mangrove above-ground
biomass using GEDI LiDAR, Sentinel data, and machine learning in Rawa Aopa National Park, Indonesia. Asian J For 9: 166-181.
Accurate above-ground biomass estimation is crucial for climate change mitigation and sustainable mangrove management. Therefore,
this study aimed to integrate Global Ecosystem Dynamics Investigation Light Detection and Ranging (GEDI LiDAR), Sentinel-1, and
Sentinel-2, with field measurement data to estimate above-ground biomass in the mangrove forest of Rawa Aopa Watumohai National
Park (RAWNP), Indonesia. Data processing was performed using Google Earth Engine, model training was conducted in Google Colab,
and spatial analysis was performed with QGIS. Mangrove cover was mapped using Normalized Difference Moisture Index (NDMI) and
Modified Normalized Difference Water Index (MNDWI) to estimate mangrove area in RAWNP. Furthermore, machine learning
models, including Random Forest (RF), Gradient Boosting, Extreme Gradient Boosting, and Support Vector Regression, were
developed and validated based on 30 field plots and 10-fold cross-validation. A total of 2,176 GEDI footprint points were used as
reference data for model training. The results showed that RF outperformed the other model, with R>=0.46, Root Mean Square Error
(RMSE)=72.52 during the evaluation stage and R*=0.69, RMSE=29.47 during validation. Multitemporal analysis (2019-2023) showed
peak above-ground biomass density in 2021 at 148.94 tons ha', followed by a decline. This study presents an effective approach for
estimating and mapping above-ground biomass in the mangrove forest of RAWNP, and the resulting biomass maps can be used to

support mangrove conservation strategies, REDD+ verification, and coastal ecosystem management in tropical protected areas.
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INTRODUCTION

Mangrove forests play a vital role in climate change
mitigation by storing carbon and stabilising coastal
ecosystems (Hamuna et al. 2019; Simard et al. 2019), with
biomass serving as a key indicator for assessing blue
carbon services and informing carbon accounting for
REDD+ and equitable policy design (Labriere et al. 2018;
Mills-Novoa and Liverman 2019; Alongi 2020). Mangrove
Above-Ground Biomass (AGB) is closely linked to
biodiversity, as its structural complexity supports habitats
for diverse fauna. Biomass changes affect shelter, breeding
sites, and food availability, influencing species richness
and ecosystem function (Maureaud et al. 2019; Bai et al.
2021; Arifanti et al. 2022). However, these ecosystems are
increasingly threatened by natural and anthropogenic
pressures, leading to functional and spatial decline,
including in Rawa Aopa Watumohai Swamp National Park
(RAWNP), Indonesia (Qiptiyah et al. 2013; Ridha et al.
2021).

Effective mangrove management requires biomass data
that are accurate and timely (Indrayani et al. 2021), but
while field inventories offer high accuracy (Sparks et al.
2024), they are costly and limited in coverage, especially in
remote mangrove areas (Bruening et al. 2021; Goodbody et

al. 2023). Integrating field data with satellite imagery offers
a practical solution to overcome constraints such as data
saturation, resolution limits, and atmospheric disturbances
(Hernandez-Stefanoni et al. 2020; Zhang et al. 2020; Hu et
al. 2024; Shi et al. 2024).

One major advance in satellite-based forest monitoring
is the Global Ecosystem Dynamics Investigation (GEDI)
mission, which has provided AGB data globally since 2019
through spaceborne Light Detection and Ranging (LiDAR)
(Dubayah et al. 2020). Sentinel-1 and Sentinel-2 are high-
resolution, open-access Earth observation satellites (Nandy
et al. 2021). Sentinel-1 uses C-band SAR radar that
operates regardless of sunlight or weather, while Sentinel-2
captures multispectral data related to vegetation health and
biomass (Askar et al. 2018; Zarco-Tejada et al. 2019).
Combining structural data from Sentinel-1, spectral data
from Sentinel-2, and GEDI as reference enables generation
of spatially comprehensive biomass maps (Kacic et al.
2021; Xiao et al. 2022).

Although GEDI provides AGB reference data, Tamga
et al. (2023) reported the limitations in various types of
forest ecosystems with diverse densities. AGB estimation
bias can also occur due to uneven footprint distribution and
different data qualities at each GEDI trace point (Lang et
al. 2022; Rishmawi et al. 2022; Bullock et al. 2023).
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Therefore, AGB prediction model resulting from the
integration of GEDI data and Sentinel imagery must be
validated with field data to maintain accuracy (Zhou et al.
2025).

The integration of Machine Learning (ML) and the
Google Earth Engine (GEE) platform has proven effective
for biomass modeling and large-scale remote sensing data
processing (Kumar and Mutanga 2018), including global
applications using GEDI and Sentinel data (Gupta and
Sharma 2022; Bullock et al. 2023; Lutz et al. 2024).
However, applications in mangrove ecosystems remain
limited, particularly due to the scarcity of locally specific
AGB datasets. While deep learning is a powerful tool for
biomass estimation (Oechmcke et al. 2022; Tian et al. 2024),
it typically demands large training data, longer processing
time, and complex interpretation. Hence, this study
prioritizes conventional ML approaches, which are more
efficient and interpretable for mangrove AGB modeling
with limited data (London 2019; Wu et al. 2021).

Various approaches have been applied in mangrove
AGB studies across Indonesia and Southeast Asia,
including carbon stock recovery (Cameron et al. 2019),
species-specific biomass contributions (Nur et al. 2022),
and the use of Sentinel imagery combined with machine
learning in areas such as Benoa and Komodo National Park
(Rijal et al. 2023; Hidayah et al. 2024). However, most of
these studies have not yet incorporated GEDI data. This
integration is essential to improve mapping efficiency
(Gouvéa et al. 2022; Winanti et al. 2023) and to support
international reporting frameworks such as the United
Nations Framework Convention on Climate Change
(UNFCCC), Convention on Biological Diversity (CBD),
and Sustainable Development Goals (SDGs) (Bunting et al.
2022).

This study focused on the mangrove forest in RAWNP,
an important conservation area in the Wallacea Zone with
high flora and fauna diversity (Ridha et al. 2021). The
objective was to estimate and map mangrove AGB by
integrating GEDI LiDAR, Sentinel data, and field
measurement data using machine learning. The results are
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expected to provide accurate AGB information to support
the development of more efficient estimation and mapping
methods, particularly in the RAWNP area.

MATERIALS AND METHODS

Study area

This study was conducted in the Rawa Aopa
Watumohai Swamp National Park (RAWNP) mangrove
forest in Southeast Sulawesi Province, Indonesia, from
January to June 2023. Mangrove in RAWNP stretches for
+24 km in the southern part of the area and covers an area
of about 6,811 hectares. Geographically, the study area is
located at 122.029°-122.168°E and 4.446°-4.604°S (Figure
1). This ecosystem is dominated by Rhizophora mucronata,
Avicennia alba, Bruguiera spp., Ceriops decandra,
Lumnitzera spp., Sonneratia alba, Xylocarpus granatum,
Acanthus ilicifolius, Acrostichum aureum, and Pandanus
sp.. The RAWNP is also home to a diverse range of
wildlife, including estuarine crocodiles (Crocodylus
porosus), anoa (Bubalus depresicornis), wild boar (Sus
scrofa), mangrove crab (Scylla serrata), as well as
waterfowl, namely snake pecking (4nhinga melanogaster),
wilwo crane (Mycteria cinerea), and silver crane (Egretta
intermedia).

Figure 1 presents the study area within the mangrove
forest of RAWNP and the distribution of GEDI L4A
footprint data. Figure 1.A shows the spatial boundary of the
mangrove ecosystem in RAWNP, while Figure 1.B
illustrates the distribution of GEDI footprint points used as
reference AGB data. This visualization provides an
overview of the spatial extent of the study area and the
coverage of reference data used for biomass estimation.
Clear presentation of the study area and GEDI distribution
is essential to demonstrate the representativeness of the
analysis and to establish the spatial basis for linking field-
measured vegetation structure with remotely sensed data in
the AGB modeling process.
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Figure 1. A. Study area, B. GEDI footprint in Rawa Aopa Watumohai Swamp National Park (RAWNP) mangrove ecosystem, Southeast

Sulawesi Province, Indonesia
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Data sources and analysis tools

The remote sensing data used consists of GEDI L4A
(LiDAR-based AGB estimation, 25 m resolution), Sentinel-
1 (SAR VV and VH for vegetation structures), Sentinel-2
(10-20 m multispectral imagery for reflectance and
vegetation index analysis), and Copernicus GLO-30 DEM
(30 m resolution for topographic information). Field AGB
data were collected from 30 random plots (20x20 m), while
mangrove ecosystem boundaries were obtained from the
management authority of RAWNP (Table 1). GEE was
used to collect, filter, mask, and compile annual median
image composites. AGB modeling with ML was performed
using Google Colab, while advanced spatial analysis was
carried out using QGIS software. Figure 2 shows the study
workflow, including the stages of multi-source data
processing, development of machine learning models, and
validation of prediction results using field data.

Figure 2 presents the complete workflow of this study,
starting from data acquisition (Sentinel-1 and Sentinel-2
imagery, GEDI LiDAR data, and field plot measurements);
then, moving through preprocessing and feature extraction,
model training and validation using machine learning, and
culminating in spatial mapping of AGB. The diagram is
structured to illustrate the sequence of data integration and

analytical processes applied throughout the study.
Clarifying this workflow is essential for ensuring
methodological transparency and enabling others to

replicate the process in different mangrove forest areas
using a similar method.

Remote sensing image acquisition and processing

This study integrated several remote sensing datasets.
The following is an explanation of the acquisition and
processing process.

Sentinel-1 image processing

Sentinel-1 data imported from GEE are Sentinel-1
Ground Range Detected (GRD), with Interferometric Wide
(IW) acquisition mode, VV and VH polarization, and
DESCENDING orbital path. After the data were filtered
based on the period and study area, the backscatters were
converted from a linear to a decibel (dB) scale to improve
readability and compatibility in biomass analysis.
Furthermore, texture analysis was performed using a Gray-
Level Co-occurrence Matrix (GLCM) to extract additional
features that can be used as predictors in AGB modeling.
GLCM is a statistical method that measures texture by
measuring the spatial relationship of pixel intensities, such
as contrast, dissimilarity, Second Angular Moment, and
Inverse Difference Moment (Chen et al. 2020). In radar-

Table 1. Summary of the data used in this study

based biomass estimation, especially using Sentinel-1,
texture metrics from GLCM can improve model
performance by revealing patterns that are not captured by
backscatter intensity alone (Munthe and Sulistiyono 2023).
Before being exported to GEE assets, Sentinel-1 data were
combined using an annual median value to obtain a
representative value.

Sentinel-2 image processing

Sentinel-2  Surface Reflectance (COPERNICUS/
S2 SR HARMONIZED) data were imported from GEE
and filtered by period and study area. Reflectance
correction was performed by converting the Digital
Number (DN) value to a reflectance value on a scale of 0-1.
Cloud masking was implemented using the Cloud Score
Plus (CS+) algorithm to ensure that only cloud-free pixels
were used. The CS+ algorithm is a cloud detection method
in Google Earth Engine that refines the original cloud score
algorithm by improving discrimination between clouds and
bright surfaces (Kumar and Mutanga 2018). It uses a
composite of spectral thresholds and was developed for
more accurate preprocessing of Sentinel-2 data (Bezerra et
al. 2023).

In addition to the single reflectance band values of
Sentinel 2, Vegetation indices are also extracted from the
main bands using the equations as shown in Table 2. The
values of these indices also serve as predictor features of
the AGB model, which include Normalized Difference
Vegetation Index (NDVI), Enhanced Vegetation Index
(EVID), Soil Adjusted Vegetation Index (SAVI), Modified
Normalized Difference Water Index (MNDWI), Moisture
Stress Index (MSI), Normalized Difference Moisture Index
(NDMI), Ratio Vegetation Index (RVI), and Red Edge
NDVI, which were calculated from the main band.
Subsequently, the data were composited using an annual
median to reduce the influence of noise and temporal
variability before being exported to GEE Assets.

DEM-based slope extraction

Slope data were extracted from the Digital Elevation
Model (DEM) Copernicus GLO-30 DEM
(COPERNICUS/DEM/GLO30). Before slope data were
extracted, DEM data were filtered by study area and then
cut according to the study area limits. The resulting slope
map was used as a filtering criterion to exclude GEDI
footprints located in steep terrain (>30°), which are known
to reduce LiDAR accuracy in biomass estimation (Wang et
al. 2023). This topographic constraint was also used to
ensure consistency with previous studies and enhance
model reliability (Ni et al. 2021).

Data types Source Spatial resolution Period
GEDI L4A NASA GEDI 25m 2019-2023
Sentinel-1 SAR ESA Copernicus 10 m 2019-2023
Sentinel-2 Multispektral ESA Copernicus 10-20 m 2019-2023
Digital Elevation Model (DEM) ESA Copernicus GLO-30 30 m -
Field-measured AGB Field measurement Plot20 m x 20 m 2023
Mangrove Ecosystem Boundary Shapefile Management Authority of RAWNP 2023
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Figure 2. Study workflow

GEDI data filtering and preprocessing

GEDI L4A data were obtained from the GEE database
of the  LARSE/GEDI/GEDI0O4 A 002 MONTHLY
collection. The data were screened by the period and area
of the study, with the selection of quality flag data = 1 and
degrade flag = 0 to ensure that only high-quality AGB
estimation data were used. Additional selection was applied
by filtering the data with an estimated error rate
(AGB_se/AGB<0.20) and considering a land slope <30° to
improve the accuracy of the model. These three parameters
are the standard for filtering GEDI data in many studies
that are commonly used to ensure that only high-quality
GEDI data is used in the analysis. This is also related to
consistency between studies. As for filtering based on other
attributes, such as sun elevation, we did not use it, because
GEDI uses active LiDAR (not passive sensors such as
optics), so it does not depend on sunlight. Where
observations were made both day and night, there was no
significant difference in waveform quality (Liu et al. 2021;
Moudry et al. 2024). The selected data were then
composited using the mosaic method before being exported
to GEE Assets. From this process, 2176 footprint points
containing AGB data from GEDI-L4A were collected.
These points were spread across the research locations and
will be used as target data to build an AGB estimation
model in mangrove forests with predictor features derived
from Sentinel imagery.

The entire dataset (Sentinel-2, Sentinel-1, GEDI, and
DEM) was aligned in UTM coordinate system Zone 51S
(EPSG:32751) and adjusted to a spatial resolution of 20 m
using the reprojection method to be compatible with AGB

‘ : i
== i é

Validation
& Comparison

modeling. Sentinel-2 was used as a pixel grid reference,
while Sentinel-1, DEM, and GEDI were projected to align
using Sentinel-2 was used as a pixel grid reference, while
Sentinel-1, DEM, and GEDI were projected to align using
the same reference system. Export parameters to the same
reference system. Export parameters (crs: EPSG:32751,
scale: 20) were applied to maintain the suitability of the
resolution and projection system for the entire dataset.

Field AGB measurement

Field AGB data were used to validate the model AGB
data built from GEDI L4A and Sentinel data. The
measurement data were collected from 30 random sample
plots at the study site. In general, field AGB is the
accumulation of tree biomass (AGB), litter biomass, and
undergrowth biomass (BKT), expressed in tons ha'!. Tree
biomass was calculated using a global allometric model
developed by Chave et al. (2005) to estimate AGB in
mangrove forests:

AGB =0.0673 (pD2H)%7
Where:
AGB: Biomass of fluff (kg)

[1]

D  : Diameter (cm)
H :Height (m)
p Specific gravity (grams/cm®) obtained from

(Zanne et al. 2009)
The calculation of litter and undergrowth biomass
(BKT) used the general formula:
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BKT = ¥ 4 BBT
~ BBC 2]

Where:

BKT : Oven dry weight (kg)

BKC: Dry weight of sample (kg)

BBC : Wet weight of sample (kg)

BBT : Total wet weight (kg)

Therefore, AGB was calculated using the equation:

AGE + BKT

AGB= —
Lp [3]

Where:

BIO : Total biomass (kg ha'), kg divided by 1000
(converted to tons ha!)

AGB: Above-ground biomass (kg)

BKT : Biomass of litter and plants (kg)

Lp : Plotarea (ha)

Limited accessibility at the study site posed a particular
challenge for field data collection. Although the number of
field plots was relatively small (30 plots), they were
randomly placed to ensure that the samples could optimally
capture the variability of ecosystem conditions. This field
plot is used exclusively to validate independently predicted
AGB values. The AGB modeling was developed using
GEDI L4A trace data (n = 2,176), which were associated
with predictor features derived from Sentinel-1 and
Sentinel-2 imagery.

Figure 3 illustrates the spatial distribution and plot
design used for above-ground biomass measurement in the
field. Figure 3.A shows the location of 30 sampling plots
distributed across the mangrove ecosystem in RAWNP,
representing spatial variability in stand structure. Figure
3.B presents the standard 20x20 m plot layout, which is
subdivided into nested subplots for measuring vegetation at
different growth stages. The 20x20 m area is used to
measure trees with a diameter of >20 cm (tree phase),
while 10x10 m subplots are used for poles with diameters
between 10 cm and <20 cm (pole phase). The 5x5 m
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subplots are designated for saplings with diameters <10 cm
and height >1.5 m (sapling or "pancang" phase), and 1X1 m
subplots are used to assess seedlings with height <1.5 m
(seedling or "semai" phase) as well as litter and understory
vegetation. This stratified design ensures that AGB
estimates capture all vegetation strata accurately and
representatively.

Mangrove mapping and classification

Mangrove cover mapping was carried out using two
spectral index from Sentinel-2, namely Normalized
Difference Moisture Index (NDMI) and Modified
Normalized Difference Water Index (MNDWI) (Hickey
and Radford 2022; Suyarso and Avianto 2022). This was
achieved by applying NDMI thresholds of > 0.3 and
MNDWTI < 0, which represent vegetation with high levels
of humidity without the presence of a dominant water body
(Otero et al. 2020; Pena-Regueiro et al. 2020; Sudirman et
al. 2023). NDMI is highly sensitive to vegetation moisture
and effectively detects mangrove ecosystems with high
moisture content (Suyarso and Avianto 2022). MNDWI
separates aquatic objects from vegetation and terrestrial
land (Pena-Regueiro et al. 2020). The results of this
classification were then overlaid with RAWNP mangrove
ecosystem boundaries (shapefile), and mangrove cover area
was calculated by converting the number of pixels
classified as mangrove to hectares.

AGB modeling with machine learning

AGB modeling was performed using machine learning,
in which AGB GEDI was used as a target variable
(dependent variable), with Sentinel-1 and Sentinel-2 being
independent variables. In this study, feature selection was
carried out using RandomForestRegressor, and a threshold
value of >0.01 was applied to avoid potential overfitting
and maintain features contributing to AGB estimation. A
summary of the features used in this study is provided in
Table 2.
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Figure 3. A. Sampling plot distribution in the study area, B. Nested plot design: a. (1x1 m, seedlings), b. (5x5 m, saplings), c. (10x10 m,

poles), d. (20x20 m, trees)
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Table 2. Predictor features used in this study

Source image Variable Description/Equation
Sentinel-1 polarization \'AY% Vertical transmit-vertical channel
VH Vertical transmit-Horizontal channel

Sentinel-1 texture VV_con, VH_con
VV _diss, VH_diss
VV asm, VH asm
VV idm, VH idm
VV _var, VH var
Sentinel-2 B2
Multispectral bands B3

B4

BS

B6

B7

B8

B8a

Bl11

BI2

Sentinel-2 vegetation indices EVI

MNDWI

MSI

NDBI
NDMI
NDVI
NDVI5
NDVI6
NDVI7

RVI

SAVI

GLCM Contrast
GLCM Dissimilarity
GLCM Angular Second Moment
GLCM Inverse Difference Moment
GLCM Variance
Blue, 490 nm (B)
Green, 560 nm (G)
Red, 665 nm (R)
Red edge, 705 nm (RES)
Red edge, 749 nm (RE6)
Red edge, 783 nm (RE7)
Near Infrared, 842 nm (NIR)
Near Infrared, 865 nm (NNIR)
Short Wave IR, 1610 nm (SWIR1)
Short Wave IR, 2190 nm (SWIR2)
(NIR — R)
25x - —
(NIR + (6xR) ) — ((7.5%B) + 1)
(G — SWIR1)
{G + SWIR1)
SWIR1

NIR

(SWIR1 — NIR)
(SWIRL + NIR)
(SWIR1 — NIR)
(SWIRL + NIR)
(NIR —R)
(NIR +R)
(NIR — RE5)
(NIR + RE5)
(NIR — RE6)
(NIR + RE6)
(NIR — RE7)
(NIR + RE7)
NIR

(NIR —R)

L5X MR+ R+ 05)

Note: MSI: Moisture Stress Index, NDBI: Normalized Difference Built-up Index, NDMI: Normalized Difference Moisture Index,
NDVI: Normalized Difference Vegetation Index, NDVIS: Normalized Difference Vegetation Index (Band 5 and 4), NDVI6:
Normalized Difference Vegetation Index (Band 6 and 4), NDVI7: Normalized Difference Vegetation Index (Band 7 and 4), RVI: Ratio

Vegetation Index, SAVI: Soil Adjusted Vegetation Index

After the predictor feature was selected, each machine
learning model was trained and evaluated using a 10-fold
cross-validation scheme applied to the entire dataset. In this
approach, the model is iteratively trained on 90% of the
data and tested on the remaining 10% in each fold,
ensuring that all data points are used for both training and
testing. Four machine learning algorithms were used in the
model training process, namely Random Forest (RF),
Gradient Boosting (GB), Extreme Gradient Boosting
(XGB), and Support Vector Regression (SVR). These four
algorithms have the advantage of identifying complex data
patterns and handling nonlinear relationships (Moradi et al.
2023; Rocha et al. 2023). A 10-fold cross-validation
method was applied during the evaluation stage to avoid
overfitting and improve model generalization. The

performance of the model is the average performance from
all iterations. Several evaluation metrics are used to
measure model performance, such as the determination
coefficient (R-squared/R?), Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and bias (Luo et al.
2024).

Model validation

Model validation was performed by comparing the
value of AGB from the model prediction with field
measurements to assess the accuracy (Yu et al. 2021). The
validation data used are AGB values from 30 plots
resulting from field measurements, which are used
specifically for independent validation and are not involved
in the model training process. The validation results'
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accuracy was measured using R?, RMSE, and residual
analysis results. In AGB modeling, R? value indicates the
extent to which the model can explain the target data
(AGB) (Stoffel et al. 2021). Meanwhile, RMSE shows the
average value of the deviations from the prediction results,
which deviates from the reference data. AGB results were
obtained from field measurements (Saldafia-Villota and
Cotes-Torres 2021). The residual is the difference between
the reference and model-predicted AGB, which indicates
the magnitude and direction of the bias, whether
underestimated or overestimated (Picard et al. 2025).

AGB mapping and multi-temporal analysis

AGB mapping and multi-temporal analysis were carried
out by applying the best AGB model to Sentinel imagery
from 2019 to 2023. This comprehensive analysis included
AGB estimation at the pixel level, making it possible to
perform multi-temporal analysis with high resolution. The
mapping results provide detailed information on the spatial
distribution of AGB each year and the changing trends. The
calculation for each year was carried out using zonal
statistics, which included estimates of minimum,
maximum, average, and standard deviation of AGB to
assess biomass variation between years. The prediction
results were visualized in the form of an annual thematic
map, using a gradation color scale to illustrate changes in
mangrove biomass density. Temporal trend analysis
identified patterns of change in biomass annually, both
influenced by natural factors, such as vegetation growth
and ecosystem succession, along with anthropogenic
factors, namely deforestation and land conversion.

RESULTS AND DISCUSSION

Spatial distribution of mangrove cover

Spatial distribution of mangrove cover in RAWNP was
analyzed using NDMI and MNDWTI spectral indices from
Sentinel-2 images. Mangrove cover area fluctuated during
20192023, based on the classification results (Figure 4).
In 2019, the area of mangrove was recorded at 5,842.94
Ha, increasing to 6,050.94 Ha in 2020 and reaching the
peak in 2021 (6,161.75 Ha) and 2022 (6,183.94 Ha).
However, in 2023, the area decreased to 5,942.31 Ha, a
reduction of 241.63 Ha compared to the previous year.

Spatially, the mangrove cover map (Figure 4) shows
that areas with increasing and decreasing mangrove cover
were uneven across RAWNP area. Some areas are
experiencing mangrove expansion, while others are
witnessing degradation that could be caused by
anthropogenic activity, changes in coastal hydrodynamics,
or ecological disturbances, such as abrasion and
sedimentation. These fluctuations in mangrove cover can
be attributed to environmental factors and ecosystem
management (Arifanti et al. 2022). An upward trend
through 2022 may indicate the effectiveness of natural
conservation and regeneration of mangrove ecosystems,
while a widespread decline in 2023 could be due to a
combination of factors such as climate change (e.g., rising
temperatures and extreme rainfall), land-use changes, and

pressures from economic activities around RAWNP area
(Utami et al. 2024b). Further study is required to evaluate
the impact of these factors on the long-term survival of
mangrove ecosystems.

Fluctuations in mangrove cover area in RAWNP that
occurred during the 2019-2023 period are in line with a
study by Arifanti et al. (2022), which stated that mangrove
cover generally increases through rehabilitation activities.
However, it is also highly susceptible to decline due to land
conversion and hydrological changes. Utami et al. (2024b)
also emphasize that coastal community activities and local
climate change essentially trigger the degradation of
national mangroves. Patterns of degradation that are
generally found in mangrove edge areas and stability in the
central region of mangrove areas were also reported by
Rudianto et al. (2020) in mangrove forests on the coast of
East Java.

Predictor feature selection

The results showed that 29 features were selected as
predictors in building the AGB estimation model. Features
B12, VV, and B5 generally had the highest essential
feature values (Figure 5). The B12 (28.21) can capture
moisture variations in leaves and soil, which is
significantly related to biomass. (Masiello et al. 2022). VV
polarisation, with the ability to capture information on the
vertical structure of the forest (Narvaes et al. 2023), had a
considerable significance value of 10.83. Moreover, B5 has
sensitive characteristics of chlorophyll content and plant
health (Coetzee 2022) had a significant value of 4.97
compared to other features.

Some features, such as NDVI 5, MNDWI, and
Sentinel-1 texture features, also contribute significantly to
the model. The feature NDVI 5 is that the red edge band
has a high sensitivity to chlorophyll, making it superior in
detecting biomass of dense vegetation such as mangroves
(Bezerra et al. 2023). MNDWI has proven to be very
efficient in extracting the main features of water-covered
areas compared to other indices (Ispir 2025). Meanwhile,
the textural features of Sentinel-1, such as contrast and
entropy, correlate with biomass through their ability to
depict spatial variation and complexity of vegetation
structure (Argamosa et al. 2018). Other features have low
essential values but are retained because they are relevant
to improving the accuracy of AGB estimation.

AGB model development

AGB model development uses selected features,
resulting in varied performances. Figure 6 shows the
performance of each model during the iteration process
using the 10-fold cross-validation method. For R? metric
(Figure 6.A), RF model consistently showed the highest
value at 9-fold, followed by GB and XB, with R? slightly
below RF, while SVR had the lowest value for all folds.
Similarly, for RMSE metric (Figures 6.B and 6.C), RF,
GB, and XB showed relatively low and stable errors in
almost all folds, except for fluctuations in fold four and
drastic decreases in fold ten. SVR showed a significantly
higher RMSE, reaching >100 tons/ha in the 4th fold. The
same pattern was shown in MAE metrics, where RF, GB,
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and XB had minor and consistent mean absolute errors underestimate AGB. SVR demonstrated the most
compared to SVR. On the bias metric (Figure 6.D), all  considerable bias, while RF, GB, and XGB had a relatively
models showed a negative bias or tendency to  small bias close to 0 on the 9th and 10* folds.
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The 10-fold cross-validation method is applied in this
study not only to assess model performance but also to
reduce the risk of overfitting (Yates et al. 2023). This is
because this method provides certainty for each data point
to be used, both as training data and test data, in different
iterations. The evaluation results, which are the average of
the evaluation values at each iteration, also provide more
reliable stability than the single data division method
(Budiman 2019). This approach is very useful when
working with heterogeneous ecological data, such as in
multi-sensor image-based AGB modeling (Ploton et al.
2020). In addition to cross-validation, bias analysis is also
applied as an important diagnostic metric to detect model
imbalance, especially when working with heterogeneous
and nonlinear datasets. In ensemble models such as RF,
GB, and XGB, the use of bias analysis complements error
metrics (e.g., RMSE, MAE) by revealing directional
tendencies in the prediction results (Luo et al. 2024). This
step is essential to ensure model robustness and to avoid
misleading conclusions.

Table 3 shows a summary of the performance of each
model for all evaluation metrics. RF model had the best
results in the three evaluation metrics, with the highest R?
value of 0.457, indicating the ability to explain

R? Scores per Fold (10-Fold Cross Validation)
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approximately 46% of the variation in AGB data. RF also
had the lowest RMSE and MAE values, which indicated
better accuracy than the other models. RF bias value at-
13.4 tons/ha was slightly higher than GB and XGB,
suggesting a tendency to underestimate AGB. Both GB and
XGB generally have a competitive performance, with
evaluation metric values that are close to RF. Meanwhile,
SVR showed the lowest value of all evaluation metrics,
indicating a low ability to explain the variation of AGB
data and a large error rate in prediction.

The low performance of the SVR in this study may be
due to its limited flexibility in handling high-dimensional
nonlinear datasets such as those derived from satellite
imagery. SVRs are usually determined by a small set of
hyperparameters and fail to capture complex ecological
relationships from remote sensing data (Lopez-Serrano et
al. 2020). Additionally, SVRs are more sensitive to feature
scaling and kernel selection, and may not be well
generalized without extensive tuning (Qian et al. 2023).
This is inversely proportional to ensemble models such as
RF, GB, and XGB, which tend to be more resilient when
dealing with multi-source predictive data that has a lot of
distortion and uncertainty (Moradi et al. 2023; Rocha et al.
2023).
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Visually, the advantage of RF model at the evaluation
stage is shown in Figure 7, illustrating the distribution of
prediction results closest to the ideal line. GB and XGB
showed a similar pattern to RF, while SVR had more
significant deviations from the perfect line, indicating a
higher rate of prediction error in AGB estimate. Overall,
the evaluation results show that the RF-based model shows
the most stable and accurate performance. This is in line
with the research of Hu et al. (2020), which shows the
effectiveness of RF in mapping global mangrove AGB.
This is also supported by Pham et al. (2019), who advocate
using RF because it is more adaptive in absorbing nonlinear
and multicollinear variables, which are commonly found in
biomass prediction based on satellite imagery.

Although this study shows an effective approach in
estimating mangrove biomass, several things need to be
examined more deeply as material for the development of
watertight research. The sensitivity of the NDMI and
MNDWTI indices to fluctuations in humidity and tides can
affect the results of mangrove classification in the tidal
zone (Habibullah et al. 2023; Rondon et al. 2023). In
addition, the uneven distribution of GEDI's footprint and
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the limited number of field plots also have the potential to
cause spatial bias, especially in locations with extreme
mangrove density (Marselis et al. 2020). Further studies are
therefore recommended to integrate additional data such as
UAV-LiDAR and tidal data. The increase in the number of
field plots and the application of more complex models,
such as deep learning, that can capture the details of data
complexity, needs to be balanced to improve the accuracy
of modeling results (Budiman et al. 2021). Future studies
are recommended to increase the number and spatial
distribution of field plots to enhance data
representativeness and improve model accuracy.

Table 3. Model performance based on evaluation metrics at the
evaluation stage

MAE Bias
2
Model R RMSE (ton/ha) (ton/ha) (ton/ha)
RF 0.457 72.52 50.96 -13.14
GB 0.428 73.02 52.27 -11.88
XGB 0.417 73.85 52.44 -9.83
SVR 0.248 85.51 60.61 -16.97
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Figure 7. Scatterplot GEDI AGB vs Predicted AGB with A. RF, B. GB, C. XGB, D. SVR
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Model validation

Differences in resolution and atmospheric influence on
multispectral data can affect the estimated AGB. Therefore,
model validation is an important stage to ensure accuracy
(Rengarajan and Schott 2018; Bullock et al. 2023). Table 4
shows a summary of the model performance during the
validation stage. RF model had the best performance, with
a value of R20.691 and RMSE of 29,474 tons/ha. XGB and
GB models also performed well in the validation stage,
with R? values of 0.589 and 0.563, respectively, as well as
RMSEs of 33.32 tons/ha and 35.5 tons/ha. Meanwhile,
SVR showed the lowest performance, with R? 0.453 and
RMSE of 39.22 tons/ha, indicating that this model is less
effective in predicting AGB.

Figures 8.A-D shows the performance of each model at
the data validation stage, which includes scatter plots,
residual graphs, residual distributions, and line plots of
prediction vs AGB validation. RF model visualizes the best
accuracy with a data distribution close to the ideal line. The
residual distribution is relatively symmetrical and close to
normal, and tends to be concentrated around zero. The
prediction plot line vs AGB validation is the most aligned
with the data trends, which indicates the consistency of RF
in capturing the actual tides of AGB, although there is a
slight deviation in the peak value. The GB model tends to
be unresponsive to extreme values, and XGB is more
adaptive to variations in actual AGB data, but it produces
fluctuations that are often too sharp in some data, leading
to overfitting. SVR showed the lowest performance in all
visualizations. Based on the results, RF is the most reliable
model for AGB estimation, while SVR cannot represent the
data structure complexity.

RF, GB, and XGB are ensemble models that can handle
nonlinear, multicollinearity relationships between features
at large data scales, such as AGB datasets (Gu et al. 2022;
Manley et al. 2023; Wang 2024). RF algorithms are more
stable options without complicated parameter tuning, while
GB and XGB require more specific parameter tuning to
achieve optimal results (Othman et al. 2023; Mosfeldt et al.
2024). SVR often encounters obstacles when dealing with
high-dimensional datasets, making it less efficient (Xu et
al. 2022; Roozbeh et al. 2023). Previous studies have also
shown the effectiveness of RF models in estimating AGB.
Liu et al. (2022) found that RF model provided the best
biomass estimation results when analyzing several different
tree types compared to backpropagation neural networks.
A study conducted by Alvarez et al. (2012) reported that
RF could bridge the gap between field measurements and
remote sensing data, significantly improving the overall
biomass estimation. Furthermore, Tavasoli and Arefi
(2021) compared the capabilities of Synthetic Aperture
Radar (SAR) and optical data in biomass mapping. The
results showed that RF model led to a substantial reduction
in RMSE compared to standard regression models. Bao and
Huong (2025) also showed the superiority of RF for AGB
estimation in Vietnam's Central Highlands using Landsat 8
satellite imagery.
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Spatial distribution and temporal trends of AGB

The analysis results for the 2019-2023 period show
fluctuations in the value of AGB with a dynamic pattern.
Table 5 shows the results of the annual AGB prediction
using an RF model.

The prediction results show that the highest average
AGB occurred in 2021 at 148.94 tons ha™!, while the
lowest value was recorded in 2022 at 145.07 tons ha™!,
with a range between 51-443 tons ha'. An upward trend
was recorded in the 2019-2021 period, indicating an
improvement in ecosystem conditions and the possibility of
natural recovery or regeneration. However, a gradual
decline in 2022 and 2023 may suggest ecological and
anthropogenic pressures on RAWNP mangrove ecosystems
(Utami et al. 2024a).

Fluctuations in AGB values are observed in standard
deviations, with the highest values in 2019 (58.17) and the
lowest in 2022 (48.75), reflecting the dynamics of the
spatial heterogeneity of mangrove ecosystems. A high
standard deviation value indicates the presence of areas
with high biomass adjacent to low-biomass zones,
reflecting high variation in vegetation structure (Jantol et
al. 2023). The decrease in standard deviation values in
2022 is likely due to the homogenization of stand
structures, including the loss of large trees, which
significantly reduces the variability of AGB between areas
(Bai et al. 2021).

Figure 9 shows that areas with high AGB are less likely
to experience changes or have consistent patterns. Spatial
fluctuations in annual AGB generally occur in peripheral
areas, specifically those with low biomass density. These
results are consistent with those of Rudianto et al. (2020),
who stated that coastal areas are vulnerable to
anthropogenic disturbances, such as the expansion of
ponds, settlements, and aquaculture activities, capable of
decreasing mangrove biomass productivity.

Table 4. Model performance based on evaluation metrics at the
evaluation stage

RMSE MAE Bias
Model R’ (ton/ha) (ton/ha)  (ton/ha)
RF 0.691 29,474 22,903 4552
GB 0.589 35,053 27,524 -11,656
XGB 0.563 33,979 26,029 6,234
SVR 0.453 39,216 28,263 -6,747

Table 5. Prediction of AGB in Rawa Aopa Watumohai Swamp
National Park (RAWNP) mangrove forest, Indonesia in 2019-
2023

Average Total AGB AGB
AGB min max Standard
Year AGB .
(ton (ton) (ton (ton deviation
ha) ha) ha)
2019 148.71 796,865.29  51.33 443.89 58.17
2020 148.16  830,172.94 52.07 399.38 53.10
2021 148.94  863,057.51 52.61 354.92 53.61
2022 145.07  855,574.00 53.41 422.31 48.75
2023 145.69  794,402.20 51.66 348.77 56.44
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Figure 8. Visualization of model validation results. A. RF, B. GB, C. XGB, D. SVR

In addition to anthropogenic factors, AGB fluctuations,
especially in the 2022-2023 period, are also likely to be
caused by climate anomalies. Extreme La Nifia conditions
that last until the end of 2022 and early 2023 are likely to
cause increased rainfall and flood intensity, which can have
a negative impact on mangrove biomass by changing
salinity gradients and increasing physical disturbances in
coastal areas (Huang et al. 2024).

The decline in mangrove forest biomass is a complex
problem generally caused by a combination of
anthropogenic factors. The most significant cause is
converting mangrove land into agricultural land,
settlements, or pond cultivation (Sasmito et al. 2019). One
of the derivative impacts is the decline in biodiversity,

which indirectly affects biomass due to the disruption of
the biogeochemical cycle in the mangrove forest (Carugati
et al. 2018). Habitat fragmentation also causes a decrease
in connectivity between parts of the mangrove forest,
thereby hindering the ability to maintain biomass
production and biodiversity (Bryan-Brown et al. 2020).
Pollution from the use of chemicals for shrimp farming,
agriculture, and industrial waste disposal, as stressed by
Suwanto et al. (2021), has a severe negative impact on the
health of mangrove and the accumulation of biomass.
Fluctuations in soil salinity due to mangrove conversion
significantly cause osmotic stress that affects water
absorption ability, potentially reducing biomass growth
and productivity (Devaney et al. 2021; Matto et al. 2023).
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Figure 9. Distribution map of AGB (2019-2023). A. 2019, B. 2020, C. 2021, D. 2022, E. 2023

The spatial distribution maps of mangrove AGB
produced from this study are important information that
can be used to support REDD+ implementation and blue
carbon accounting (Ahmed and Glaser 2016). The model
developed in this study can help quantify carbon stocks
and their temporal dynamics, which technically provide
information on emission reductions and verify results-
based payments (Ma 2023). In addition, the ability to
capture biomass variations will improve the assessment of
mangrove ecosystem services and support the design of
site-specific interventions for mangrove restoration efforts
and coastal resilience planning. This aligns with Harris et
al. (2021), who emphasize that spatially explicit maps of
forest carbon dynamics can improve transparency in
emission accounting and support national climate
mitigation targets, especially in tropical countries like
Indonesia. The results of this study demonstrate that
locally scaled research can provide valuable insights that
can be applied to mangrove ecosystems in other locations
with similar characteristics. A site-based approach enables
the development of more context-specific conservation
strategies while simultaneously contributing to the
enrichment of the global knowledge base for sustainable
mangrove ecosystem management.

In conclusion, this study showed that combining GEDI,
Sentinel-1, Sentinel-2, and field data using machine
learning methods improved the accuracy and effectiveness
of mangrove forest AGB estimation in RAWNP. RF

performed best among the four machine learning algorithms
used to build the mangrove AGB model. Multi-season
analysis from 2019 to 2023 showed that mangrove AGB in
RAWNP has fluctuated. The highest occurred in 2021 and
then experienced a downward trend, with the lowest
observed in 2023. Areas on the edge tend to experience a
decrease in AGB compared to those in the middle.
Mangrove forest edges close to human activities can cause
a decline in AGB. The fluctuations of AGB during 2019 —
2023 indicate the importance of appropriate management
strategies to maintain the sustainability of mangrove forest
functions in RAWNP. The results of this study also show
that the modeling approach used has the potential to
monitor mangrove biomass in real time, especially in
supporting climate mitigation policies and REDD+
verification at the national level. Further studies should be
directed to optimize the model parameters, integrate
additional features, and investigate advanced algorithms to
improve the accuracy of the resulting prediction model.
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