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Abstract

Remote sensing offers an effective alternative for estimating mangrove carbon stocks by
analyzing the relationship between satellite pixel values and field-based carbon measure-
ments. This research was carried out in the mangrove forests of western Bali, Indonesia,
encompassing three areas situated in a non-conservation mangrove forest area. This study
assessed 32 remote sensing vegetation indices derived from Sentinel-2 satellite imagery
to identify the optimal model for quantifying the above-ground carbon (Cag) content in
mangrove ecosystems. Field data were collected using stratified random sampling and
were used to develop regression models linking the Cag with vegetation indices. The
Simple Ratio (SR) index exhibited the highest correlation (r = 0.847, R2 = 0.707), while
the Three Index Vegetation Above-Ground Carbon (TrIVCag) model, combining the SR,
Specific Leaf Area Vegetation Index (SLAVI), and Transformed Ratio Vegetation Index
(TRVI) indices, achieved the best performance (r = 0.870, R2 = 0.728). The model validation
results confirmed the reliability of the TrIVCag model, as indicated by a correlation of 0.852
between the model estimates and measured Cag values from independent field data. In
2023, the mangrove area in western Bali (excluding West Bali National Park) was estimated
at 376.85 ha, with a total above-ground carbon stock of 34,994.55 tonC/ha. Region A had
the highest average Cag at 98.97 tonC/ha, followed by Regions B (66.58 tonC/ha) and C
(86.98 tonC/ha). This model offers a practical and scalable approach to carbon monitoring
and is expected to play a valuable role in supporting blue carbon conservation efforts and
contributing to climate change mitigation.
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1. Introduction
Mangrove forests play a vital role in mitigating climate change due to their capacity

to sequester carbon at rates significantly higher than most terrestrial ecosystems [1,2],
with the ability to store carbon four times more than other vegetation types [3]. The
substantial carbon absorption is attributed to photosynthesis, which is then stored in the
form of biomass, including above-ground biomass (Bag) or on the soil surface (leaves,
stems, branches, flowers) and below-ground biomass (Bbg) or beneath the soil surface
(roots) [4]. Above-ground carbon storage can be measured either through direct field
methods or remote sensing techniques [5]. Direct measurements yield high accuracy but
are not practical and efficient when conducted in extensive mangrove areas [6]. As a result,
indirect estimation methods utilizing allometric equations based on tree characteristics,
such as the diameter at breast height (DBH), have become a widely accepted alternative [7].

Remote sensing and Geographic Information System (GIS) technologies have become
essential for mapping and monitoring mangrove forests, particularly in complex coastal
environments [8,9]. The estimation of above-ground carbon (Cag) values can be mapped
using satellite imagery data, using both the original bands and spectral transformations
from various satellite image types [10]. The accuracy level of models generated from the
use of a single band or a single vegetation index varies, as demonstrated by Wicaksono
et al. [10], who obtained a standard estimation error of 11.39–14.23 kg C/m2 and Purna-
masari et al. [11], with a standard error of 31.41 tonC/ha, while Kamal et al. [12] achieved
a model accuracy of 53.83% using a generic allometric equation. In summary, different
vegetation indices and spectral bands yield varying levels of accuracy in carbon stock mod-
eling. These inconsistencies highlight the need for more comprehensive approaches that
can better capture the heterogeneity and biophysical complexity of mangrove vegetation.

One of the crucial aspects of remote sensing-based mangrove biomass and carbon
stock estimation is the selection of appropriate satellite imagery. In this study, the Sentinel-2
imagery was chosen due to its superior spectral resolution, free accessibility, and frequent
revisit time compared to other satellite missions. Sentinel-2, developed by the European
Space Agency (ESA), provides high-resolution multispectral imagery with 13 bands cov-
ering the visible, near-infrared (NIR), and shortwave infrared (SWIR) regions [13]. These
spectral characteristics are particularly advantageous for mangrove studies, as they enable
the derivation of various vegetation indices that enhance the differentiation of plant health,
biomass estimation, and carbon stock assessments [14]. The red-edge bands in Sentinel-2
(bands 5, 6, and 7) significantly improve the detection of vegetation characteristics, includ-
ing the chlorophyll content and canopy structure, which are critical factors in estimating
biomass and carbon stocks [15].

Additionally, Sentinel-2 offers a 10–20 m spatial resolution in key spectral bands,
which is considerably higher than other freely available satellite imagery, such as Landsat-8
(30 m resolution) [16]. This higher spatial resolution allows for more precise mapping of
the mangrove extent and structure, reducing errors associated with mixed-pixel issues
in heterogeneous coastal environments. Moreover, Sentinel-2 has a five-day revisit time,
ensuring a higher probability of obtaining cloud-free images in tropical regions prone to
frequent cloud cover, such as Indonesia [17]. The consistent and high-frequency image
acquisition also supports the temporal analysis of mangrove dynamics, which is essential
for long-term carbon monitoring and climate change mitigation efforts [18].

While previous studies have employed satellite imagery and vegetation indices to esti-
mate above-ground carbon (Cag) in mangrove ecosystems, models based on a single index
often suffer from inconsistent accuracy [10–12] due to their limited ability to reflect the com-
plex biophysical characteristics of the mangrove vegetation. To address this limitation, the
present study proposed an innovative, integrative modeling approach that combines multiple
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spectral transformations specifically, a suite of thirty-two vegetation indices, to enhance the
precision, stability, and spatial coherence of the Cag estimation. By leveraging the diverse
sensitivity of these indices to vegetation properties—such as the canopy density, leaf pigment
concentration, and structural heterogeneity—the model aims to provide a more comprehen-
sive representation of mangrove conditions. This study first establishes statistical relationships
between field-measured Cag values and each spectral index to identify key predictors, which
are then integrated into a robust estimation model. This model is subsequently applied to
generate spatially explicit maps of mangrove carbon stocks, allowing for refined assessments
of the carbon distribution across heterogeneous landscapes. Ultimately, this research advances
remote sensing techniques for blue carbon monitoring and contributes critical insights for
ecosystem accounting and climate change mitigation.

2. Materials and Methods
2.1. Research Location

This research was conducted in the mangrove area of West Bali, situated on the
island of Bali, Indonesia, as illustrated in Figure 1. Data collection was carried out from
June to August 2023 in three locations: Area A, which includes the villages of Perancak,
Pengambengan, Loloan Timur, Sangkaragung, Air Kuning, Lelateng and Budeng; Area B,
covering the villages of Banyu Biru, Tuwed, and Candikesuma; and Area C, encompassing
the villages of Pejarakan, Pemuteran, and Sumberkima. Administratively, Areas A and B
fall within Jembrana Regency, while Area C is part of Buleleng Regency. These three sites
represent mangrove zones that are not designated as conservation areas on Bali, whereas
all other mangrove regions on the island have been officially designated as conservation
areas by the Indonesian Ministry of Forestry.

 

Figure 1. Research locations, highlighting the sampling locations used for model construction
(indicated by blue dots) and validation (indicated by yellow dots) in the research area (green mangrove
areas) located in (A) (Perancak, Pengambengan, East Loloan, and Budeng Villages); (B) (Banyu Biru,
Tuwed, and Candikesuma Villages); and (C) (Pejarakan and Sumberkima Villages).
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2.2. Field Samples

The determination of sampling points was conducted using stratified random sam-
pling and proportional sampling methods. Stratified random sampling is widely used
in ecological studies to ensure that samples represent the heterogeneity of the study area
while reducing sampling bias [19,20]. This method involves dividing the population into
strata based on specific characteristics such as vegetation density, tidal influence, and soil
composition [1,21]. Proportional sampling ensured that each stratum contributed field
plots in accordance with its area, thereby enhancing representativeness and minimizing
error. This approach is particularly important in mangrove ecosystems where variation in
structure and hydrology strongly influences biomass and carbon storage.

Meanwhile, proportional sampling was applied to ensure that each stratum con-
tributed to the final dataset in accordance with its area coverage. This approach is especially
relevant in mangrove ecosystems, where variations in structure and function can signifi-
cantly impact carbon storage, biogeochemical processes, and ecological dynamics [22,23].
The number of samples taken from each stratum was proportional to its area to enhance
statistical robustness and minimize errors in ecological estimations [24].

The GPS coordinates of each sampling point were recorded to ensure spatial accuracy
and repeatability. This method follows best practices from previous studies in mangrove
ecosystems [25,26]. By implementing these combined methods, this study aims to obtain
representative and reliable data on the condition of the mangrove ecosystem in the study
area, thereby supporting effective conservation and management efforts.

Field data collection was carried out by measuring tree and sapling circumference
of individual mangrove at breast height (CBH 1.3 m above ground level) within square
transect plots measuring 10 m × 10 m, located at predetermined sampling points. The
recorded circumference values were then converted to diameter at breast height (DBH)
under the assumption that the tree stem cross-section is circular (Equation (1)). The resulting
DBH data were subsequently used to estimate above-ground carbon (CAG) using allometric
equations as presented in Equations (2) and (3).

DBH = CBH/π (1)

where DBH is diameter at breast height, CBH is circumference at breast height, and π is
constant with value 3.14.

In the present study, a total of 45 plots were sampled, with 18 located in Area A, 8 in
Area B, and 19 in Area C. For subsequent analysis, data from 30 of these plots were used
to develop the model, while the remaining 15 plots (representing a 66.67%/33.33% split)
were used for model validation. This partitioning was adopted due to the relatively small
size of the dataset (n < 100), as this proportion was anticipated to strike a balance between
providing adequate data for robust model construction, thereby mitigating potential bias,
and ensuring a sufficient independent dataset for evaluating the model’s generalization
performance and controlling variance. As Kuhn and Johnson [27] note, a training-to-
validation split of 60% to 80% is a common and adaptable practice, often guided by
the dataset’s size and complexity. Furthermore, Gebremedhin et al. [28] employed a
similar division (60% to 80% for model building) with vegetation index data and reported
comparable accuracy levels across the different proportions.

2.3. Image Data Processing

To assess the spectral sensitivity of vegetation indices to above-ground carbon (Cag)
in mangrove forests, 32 remotely sensed vegetation indices derived from Sentinel-2 im-
agery were selected. These indices were selected based on their documented relevance in
previous studies of biomass, chlorophyll, and vegetation structure, as well as their spectral
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compatibility with available Sentinel-2 bands [8,29]. Some indices are known for their
performance in forest monitoring, such as Normalized Difference Vegetation Index (NDVI)
and Enhanced Vegetation Index (EVI) [30], while others such as Specific Leaf Area Vege-
tation Index (SLAVI) and Chlorophyll Index Red Edge (CIRE) utilize spectral bands that
capture structural or biochemical variations [31,32]. Table 1 presents a list of the vegetation
indices used, including their formulas.

Table 1. Spatial resolution of each band used for the calculation of thirty-two vegetation indices.

No. Name Band Description Spatial Resolution

1 B2 Blue 10 m

2 B3 Green 10 m

3 B4 Red 10 m

4 B5 RedEdge1 20 m

5 B6 RedEdge2 20 m

6 B8 Nir 10 m

7 B12 Swir2 20 m

Sentinel-2 imagery was chosen for its high spatial (10–20 m) and spectral resolution,
particularly in red-edge and NIR bands, which are crucial for estimating above-ground
carbon (Cag) in mangrove forests. Compared to Landsat-8 (30 m resolution), Sentinel-2
provides more detailed canopy analysis, reducing uncertainty in carbon estimation. Its
2-day revisit period ensures better temporal consistency, minimizing seasonal variations.
Academically, Sentinel-2’s 12-bit radiometric resolution has been widely validated for man-
grove studies, offering superior species differentiation and biomass assessment, making it
the most suitable dataset for this research. In this study, the bands used in calculating the
vegetation index consisted of 7 bands, with the specifications of their names and spatial
resolutions as shown in Table 1.

To minimize potential spatial bias resulting from differences in spatial resolution
among spectral bands used in vegetation index calculations, all bands with lower spatial
resolution, specifically RedEdge 1, and 2 and Swir2, originally at 20 m were resampled to a
spatial resolution of 10 m using bilinear interpolation. This resampling was conducted to
standardize the spatial grid across all image bands, ensuring that each pixel represents an
equivalent ground area. However, it should be noted that the accuracy of the spectral infor-
mation remains constrained by the original resolution of each band. The standardization of
spatial resolution is essential to ensure that all vegetation indices are calculated based on
spatially consistent pixels, thereby allowing for meaningful integration and comparison
in subsequent analyses, such as the development of above-ground carbon (Cag) estima-
tion models. Moreover, harmonizing the resolution helps prevent index value distortions
caused by pixel misalignments between bands, which could otherwise lead to errors in
both quantitative and spatial interpretation

Sentinel-2 imagery used in this study was processed based on the standard scientific
products from Level 2 Multispectral Instrument images available on the Google Earth En-
gine (GEE) web catalog. The primary Sentinel-2 L2 data was downloaded from Copernicus,
followed by executing the sen2cor procedure to produce a dataset of processed images on
GEE. Image processing on GEE was conducted using JavaScript programming language
to generate pixel values for each vegetation index in the form of “GeoTif” data format.
Data used in calculating the values for each vegetation index were image data captured
during the period from January to October 2023, with the synthesis of median image data.
This preprocessing reduced cloud interference and spectral inconsistencies caused by tidal
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effects. Image cropping was performed to reduce the area (according to the research scope)
and file size before downloading. The vegetation index used in this study and its equation
can be seen in Table 2.

Table 2. Vegetation index used in this study.

Vegetation Indices Formula

NDVI (Normalized Difference Vegetation Index) (NIR − Red)/(NIR + Red)

EVI (Enhanced Vegetation Index) 2.5 × ((NIR − Red)/(NIR + (6 × Red) − (7.5 × Blue) + 1))

SAVI (Soil-Adjusted Vegetation Index) ((NIR − Red)/(NIR + Red + 0.5)) × (1 + 0.5)

ARVI (Atmospherically Resistant Vegetation Index) (NIR − (2 × Red) + Blue)/(NIR + (2 × Red) + Blue)

VARI (Visible Atmospherically Resistant Index) (Green − Red)/(Green + Red − Blue)

GCI (Green Chlorophyll Index) (NIR/Green) − 1

OSAVI (Optimized Soil-Adjusted Vegetation Index) (NIR − Red)/(NIR + Red + 0.16)

NNIR (Normalized Near Infrared) NIR/(NIR + Red + Green)

CVI (Chlorophyll Vegetation Index) (NIR × Red)/(Green2)

SIPI (Structure Insensitive Pigment Index) (NIR − Blue)/(NIR − Red)

GRVI (Green Ratio Vegetation Index) (NIR/Green)

GNDVI (Green Normalized Vegetation Index) (NIR − Green)/(NIR + Green)

TRVI (Transformed Ratio Vegetation Index) (NIR/Red)1/2

SR (Simple Ratio Index) NIR/Red

MSR Green (Modified Green
Simple Ratio) ((NIR/Green) − 1)/((NIR/Green) + 1)1/2

MSR Red (Modified Red Simple
Ratio) ((NIR/Red) − 1)/((NIR/Red) + 1)1/2

NDREI (Normalized Difference Red-Edge Index) (NIR − RedEdge1)/(NIR + RedEdge1)

GLI (Green Leaf Index) ((2 × Green) − Blue − Red)/((2 × Green) + Blue + Red)

MCARI (Modified Chlorophyll Absorption Ratio Index) ((RedEdge1 − Red) − 0.2) × (RedEdge1 − Green) ×
(RedEdge1/Red)

NDYI (Normalized Difference Yellowness Index) (Green − Blue)/(Green + Blue)

RENDVI (Red Edge Normalized Difference Vegetation
Index) (RedEdge2 − RedEdge1)/(RedEdge2 + RedEdge1)

CIRE (Chlorophyll Index Red Edge) (NIR/RedEdge1) − 1

TriVI (Triangular Vegetation Index) 0.5 × (120 × (NIR − Green)) − 200 × (Red − Green)

CCI (Chlorophyll Carotenoid Index) (Green − Red)/(Green + Red)

RDVI (Renormalized Difference Vegetation Index) (NIR − Red)/((NIR + Red)0.5)

DVI (Difference Vegetation Index) NIR − Red

IPVI (Infrared Percentage Vegetation Index) NIR/(NIR + Red)

TGI (Triangular Greenness Index) −0.5 × (190 × (Red − Green) − 120 × (Green − Blue))

mRE-SR (Modified Red Edge-Simple Ratio) ((NIR/RedEdge1)−1)/((NIR/RedEdge1) + 1)1/2

MTCI (MERIS Terrestrial Chlorophyll Index) (RedEdge2 − RedEdge1)/(RedEdge1 − Red)

SLAVI (Specific Leaf Area Vegetation Index) NIR/(Red + SWIR2)

AFRI2100 (Aerosol Free Vegetation Index (2100 nm)) (NIR − (0.5) × SWIR2)/(NIR + (0.5) × SWIR2)
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2.4. Data Analysis

Carbon stocks are analyzed using allometric equations, which represent the relation-
ship between the DBH and wood density for each mangrove species. Carbon stock of
each stand is calculated from the biomass. Above-ground biomass is calculated using
a non-destructive method employing an ordinary allometric equation that involves the
relationship between diameter at breast height and wood density (ρ) [7]. The wood density
values for each mangrove species are referenced from the International Centre for Research
in Agroforestry (ICRAF). The above-ground carbon stock of mangroves, in terms of tons of
carbon per hectare (tonC/ha), is estimated based on 46.82% of its biomass value as per the
following equation [33].

Wtop = 0.251 × ρ × D2.46 (2)

Ctop = 46.82% × Wtop (3)

where Wtop is the above-ground biomass (kg), ρ is the density of each mangrove species
(g/cm3), D is the diameter at breast height (cm), and Ctop is the above-ground carbon or
Cag (tonC/ha).

Moreover, linear regression and multiple linear regression methods were applied
to develop models that describe the relationship between vegetation index values and
above-ground carbon (Cag). Linear regression is a widely used statistical technique for
estimating the relationship between a dependent variable, Cag in this case, and one or
more independent variables, namely the vegetation indices. Model parameters were
estimated using the least squares method (Kern et al., 2018) [34]. A simple linear regression
model was used when only one predictor variable was involved, while multiple linear
regression was employed when two or more predictors were included. The models were
constructed through statistical analysis linking vegetation indices to Cag, following an
approach adopted in previous studies, e.g., [35].

To evaluate model performance, two key statistical metrics were used: the coefficient
of determination (R2) and the Root Mean Square Error (RMSE). The R2 value measures
how well the model explains the variability in the observed data, whereas the RMSE
quantifies the average deviation between predicted and actual values [34]. A reliable model
is indicated by a high R2 and a low RMSE, with a lower RMSE suggesting more accurate
predictions. In addition to these numerical metrics, residual plots were used to visually
inspect the model’s validity by plotting residuals against predicted values. Any visible
patterns in these plots could indicate violations of key regression assumptions, such as
linearity or homoscedasticity [36]. Further validation was carried out through scatter plots
comparing predicted values with actual field observations to assess the model’s ability
to represent real-world conditions accurately. The statistical significance of both the LR
and MLR models was tested using a p-value threshold of 0.05, corresponding to a 95%
confidence level. Based on these assessments, the best-performing vegetation index-based
model for estimating Cag was selected, and this model was subsequently used to spatially
estimate Cag across the study area using Sentinel-2 imagery. In general, the flow of the
research stages can be seen in Figure 2.
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Figure 2. Research flow for estimating the best model for Cag.

3. Results and Discussion
3.1. Vegetation Index-Based Above-Ground Carbon (Cag) Model

The western part of Bali has mangrove areas scattered along the coast of the Jembrana
and Buleleng Regencies. The average of Cag in mangroves in the western part of Bali is
89.596 tonC/ha. This result is significantly smaller than the Cag in the mangrove area of
the Ngurah Rai Forest Park (TAHURA) in Bali, which averages 193.450 tonC/ha [4]. This
condition is closely related to the differences in the species dominance, stem diameter, and
health [3], where in the western Bali region, Rhizophora sp. and Avicennia sp. dominate with
an average DBH of 5.06 cm. Meanwhile, the mangrove area of TAHURA, Bali, is dominated
by Soneratia sp. and Rhizophora sp., with an average DBH of 10.85 cm. The difference in the
tree diameter also influences the biomass value. Tree diameter is positively correlated with
stored biomass, with larger diameters indicating greater storage [37].

The tabulation of carbon storage data on the field surface is then compared with each
vegetation index value collected to determine the relationship between the spectral weight
of vegetation indices and carbon storage values on the surface of mangroves. This analysis
leads to the development of a linear regression model designed to estimate carbon storage
on the surface in the western region of the Bali mangrove area, outside the national park.
The model, derived from data collected from thirty plots, is evaluated using the coefficient
of determination and RMSE tests to determine its effectiveness in explaining the carbon
storage present on the surface. The results of the regression model and the accuracy level
of the vegetation index for aboveground carbon in the mangrove area of West Bali are
presented in full in Table 3.
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Table 3. Regression model and accuracy level among vegetation indices with carbon storage on the
surface in the western part of the mangrove area in Bali.

Vegetation
Indices

Linear Regression Equation
(r) (Where

y = Cag Count,
x = Vegetation Index Value)

Correlation
Coefficient (r)

Coefficient of
Determination (R2) Significant Level

SIPI Y = 656.64 − 553.71 X −0.385 0.118 ns
TGI Y = 16.12 + 28.27 X 0.321 0.071 ns

MCARI Y = 44.13 + 368.80 X 0.339 0.083 ns
CVI Y = −36.65 + 37.77 X 0.400 0.130 *

NDYI Y = −85.34 + 682.35 X 0.556 0.285 **
MTCI Y = −5.07 + 39.09 X 0.581 0.314 **
IPVI Y = −598.74 + 772.84 X 0.630 0.375 **

NDVI Y = −212.32 + 386.42 X 0.630 0.375 **
VARI Y = −0.419 + 246.56 X 0.641 0.390 **

AFRI2100 Y = −344.57 + 524.48 X 0.643 0.393 **
GLI Y = −40.71 + 532.74 X 0.646 0.397 **
CCI Y = −1.42 + 390.45 X 0.656 0.410 **

ARVI Y = −118.16 + 320.06 X 0.679 0.442 **
RENDVI Y = −84.21 + 409.33 X 0.687 0.453 **

NNIR Y = −416.94 + 660.02 X 0.702 0.474 **
GNDVI Y = −291.99 + 555.69 X 0.705 0.480 **

TriVI Y = −90.70 + 11.10 X 0.707 0.482 **
OSAVI Y = −190.49 + 552.38 X 0.709 0.485 **
RDVI Y = −171.17 + 612.25 X 0.729 0.514 **
EVI Y = −128.47 + 465.91 X 0.730 0.516 **

SAVI Y = −154.30 + 559.40 X 0.734 0.522 **
DVI Y = −107.30 + 848.068 X 0.744 0.537 **

NDREI Y = −147.15 + 458.55 X 0.745 0.539 **
MSR Green Y = −126.25 + 119.97 X 0.788 0.607 **

mRE-SR Y = −74.16 + 150.64 X 0.794 0.617 **
MSR Red Y = −67.98 + 60.29 X 0.809 0.641 **

GCI Y = −57.17 + 30.81 X 0.814 0.651 **
GRVI Y = −87.98 + 30.81 X 0.814 0.651 **
CIRE Y = −32.80 + 53.014 X 0.817 0.655 **
TRVI Y = −124.13 + 69.18 X 0.817 0.656 **

SLAVI Y = −15.08 + 26.75 X 0.832 0.682 **
SR Y = −20.46 + 10.99 X 0.847 0.707 **

ns: non-significance; *: 0.05 significance level; and **: 0.01 significance level.

The results of the Sentinel-2 spectral transformation from thirty-two vegetation indices
were then correlated with the surface carbon storage in the field, yielding a range of
correlation values (r) from −0.385 to 0.847. Seven vegetation indices exhibited correlation (r)
values > 0.80 and determination coefficients (R2) > 0.640, namely the MSR-Red, GCI, GRVI,
CIRE, TRVI, SLAVI, and SR, with the SR index showing the most significant relationship,
indicated by an r = 0.847 and an R2 = 0.707 (the highest among the indices). To provide
a clearer understanding, Figure 3 displays the distribution of the Cag (tonC/ha) for each
vegetation index.
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Figure 3. Distribution of Cag (tonC/ha) against each vegetation index.
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Using the best-performing indices, a combined model was developed to explore the
collective relationship of these indices with Cag using the multiple regression. The results
indicated that the combination of three vegetation indices, namely the SR, SLAVI, and
TRVI, exhibited a stronger correlation with the r = 0.870 and R2 = 0.728. In other words,
the combined effect of these three vegetation indices (SR, SLAVI, and TRVI) could explain
72.79% of the variation in Cag, while other factors influenced the remaining 27.21%. The
obtained equation is as follows:

TrIVCag = 109.725 + (19.732SR) + (10.882SLAVI)− (84.210TRVI) (4)

The equation is subsequently referred to as the Three Index Vegetation Above-Ground
Carbon equation (TrIVCag). Figure 4 shows the linear relationship between the estimated
Cag values generated by the TrIVCag equation and the observed Cag values measured
in the field. This figure illustrates the ability of the model to accurately reflect real-world
carbon variations in mangrove stands.

 

Figure 4. Comparison of the distribution of field-observed and estimated Cag values (tonC/ha) using
the TrIVCag equation.

In this study, we also validated the Cag estimation based on the equation composed of
three TrIVCag indices, which are the SR, SLAVI, and TRVI. The validation was conducted
using 15 different field sample points that were distinct from those used in model devel-
opment but still fell within the same study area and timeframe. The validation results
indicated that the TrIVCag estimation model exhibited the highest correlation, with a value
of 0.852, and the lowest RMSE value of 92.399 tonC/ha. In comparison, the SRand TRVI
yielded correlation values of 0.827, and 0.817, respectively, with corresponding RMSE
values of 95.137 and 95.289 tonC/ha. This suggests that the TrIVCag model effectively and
accurately explains the surface carbon stock in mangrove areas. Furthermore, this model
shows a significant improvement over the previous research conducted by Ramadhan and
Siman [38], which explored the relationship between mangrove biomass and the NDVI,
achieving an r value of 0.640 and an R2 value of 0.505. These findings demonstrate that the
TrIVCag model offers a more robust and reliable approach for estimating above-ground car-
bon in mangrove forests, outperforming conventional vegetation indices in both accuracy
and consistency.
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The TrIVCag has a better accuracy because combining several indices in compiling the
model will increase the effectiveness of each channel that compiles the model compared
to using a single index. Each single index has its own level of effectiveness, such as the
SLAVI, which mainly informs a good Leaf Area Index [29]. The SR vegetation index and
the TRVI both utilize wavelengths in the NIR and Red bands, while the SLAVI incorporates
three bands: NIR, Red, and SWIR2. The Red band (664.5 nm/S2A) is often employed to
measure chlorophyll pigments in plants. Chlorophyll absorbs red light and reflects most
of the green light, causing plant leaves to appear green in the Red band. Changes in the
chlorophyll content and plant conditions can be reflected in the reflectance in the Red band.
The NIR band (835.1 nm/S2A) is susceptible to plant cell structures and the water content
in plant tissues. Healthy and thriving plants tend to exhibit high reflectance in the NIR
band because water in plant cells absorbs NIR light. The NIR band is used in vegetation
indices to measure the vegetation density and health. On the other hand, the SWIR band,
which operates at 1613.7 nm (S2A), is sensitive to deeper plant components, including the
soil moisture and chemical properties of plants. The SWIR band can also be used to detect
the leaf water content and soil surface quality [39].

To enhance the scientific interpretation of the TrIVCag model parameters, we further
explain the physical and ecological significance of the selected vegetation indices: the
SR (Simple Ratio), SLAVI (Specific Leaf Area Vegetation Index), and TRVI (Transformed
Ratio Vegetation Index). The SR index (NIR/Red) measures the ratio of near-infrared
reflectance, which is typically high in healthy vegetation, to the red reflectance, which
chlorophyll absorbs [40]. This makes the SR a reliable indicator of the vegetation vigor
and canopy density. The SLAVI combines the NIR, Red, and SWIR2 bands to estimate
the specific leaf area, reflecting the photosynthetic surface area and, indirectly, biomass
accumulation [41,42]. The inclusion of SWIR2 enhances the sensitivity to the water content
and leaf structure, which are critical components of biomass in mangrove ecosystems.
The TRVI, derived from the square root of NIR/Red, stabilizes the index’s response and
reduces noise, particularly under variable illumination or canopy conditions [43,44]. These
indices offer a comprehensive approach: the SR accounts for the chlorophyll content and
canopy greenness, the SLAVI reflects structural and biochemical conditions, and the TRVI
enhances spectral robustness. By integrating these indices, the TrIVCag model strengthens
its predictive accuracy by encompassing multiple aspects of the vegetation health and
structure relevant to above-ground carbon storage.

The use of a simple correlation through linear and multiple regression approaches
in this study aimed to produce statistically interpretable results [45,46] regarding the
relationship between field-measured Cag values and each vegetation index. The selection
of the best index combination was based on the highest linear correlation rankings, followed
by exploratory combinations to develop the most suitable regression model reflecting field
conditions, as demonstrated through basic validation procedures. This approach offers
several advantages, including the ease of application and interpretation, transparency in
assessing the influence of each variable statistically, and computational efficiency, which is
particularly useful during the initial exploratory phase [47–49]. Additionally, the use of
a simple correlation allows the resulting equation to be applied more generally in areas
with similar characteristics, although further model updates or additional testing may be
necessary to improve accuracy and generalizability.

However, this method has limitations in capturing non-linear relationships and com-
plex interactions among vegetation indices, which means it may not fully represent the
individual tendencies of each index with respect to the Cag variation. Therefore, we ac-
knowledge that alternative methods, such as random forests, are highly recommended
for future research development. A random forest is not only more effective in handling
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non-linear relationships but is also capable of objectively identifying the importance of
each vegetation index through a feature importance analysis. This method is also more
robust against overfitting (condition where a model overly fits the training data and loses
its predictive capability on new, unseen data) [50,51]. Consequently, applying the random
forest method in follow-up studies may provide a stronger foundation for selecting the
most influential vegetation indices before constructing a more accurate and representative
simulation model of above-ground biomass carbon in mangrove forests.

3.2. Spatial Distribution of Above-Ground Carbon (Cag)

The calculation of the Cag storage potential in mangrove ecosystems using the TrIVCag
model equation Equation (4) for the western part of Bali is presented in Table 4 and Figure 5.
In 2023, the mangrove area in this region, excluding the West Bali National Park, covered
376.85 hectares, with an estimated total carbon storage of 34,994.55 tons of carbon (tonC).
Region A exhibited the highest average above-ground carbon (Cag) at 98.97 tonC/ha, while
Regions B and C had average values of 66.58 tonC/ha and 86.98 tonC/ha, respectively.
The higher average Cag in Region A compared to Regions B and C may be attributed
to differences in dominant species and tree diameters. For further details, please refer
to Table 4 as well as Figure 5, which illustrates the spatial distribution of the Cag at the
research site.

Table 4. Estimation of above-ground carbon (Cag).

Region Mangrove Area (ha) Estimation of Above-Ground Carbon (Cag)
(tonC)

A 245.85 24,332.38
B 35.91 2390.82
C 95.09 8271.35

Total 376.85 34,994.55

To improve the quality of the Cag estimation obtained in this study, an uncertainty
analysis was performed by considering the variability in vegetation index measurements
and the regression models used. This uncertainty analysis includes the assessment of
estimation errors caused by various factors, such as remote sensing uncertainties, atmo-
spheric conditions, and spectral variations between different images. We also conducted
an accuracy analysis of the model’s calculations using a linear regression analysis and
RMSE testing to assess the accuracy level and error value of the model’s results based on
15 predefined validation sample points. The correlation results indicate that the model
has a relationship with field values of 0.852 or 85.2%, with an error value (RMSE) of 92.40
tonC/ha. The Cag estimation using this model effectively represents the field Cag con-
ditions, as evidenced by the high correlation value and the excellent accuracy level of
the model. By performing the uncertainty analysis, we can provide a clearer picture of
the reliability of the developed estimation model and its contribution to improving the
accuracy of future mangrove carbon stock monitoring.

The differences in the Cag distribution will undoubtedly be strongly influenced by
differences in the mangrove density, dominant species, and tree diameter size. A higher
density and a larger stem diameter tend to result in greater biomass and carbon reserves.
The majority of carbon storage occurs in the stem, and the percentage of the carbon stock
increases with biomass growth [52,53]. The relationship between the carbon stock and
biomass content is proportional. The greater the biomass content, the larger the stored
carbon stock [54]. Additionally, variations in dominant species also affected the Cag, which
is related to the biomass of each species [55].
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Figure 5. Spatial distribution of above-ground carbon (Cag) (tonC/ha) in (A) (Villages of Perancak,
Pengambengan, Loloan Timur, and Budeng); (B) (Villages of Banyu Biru, Tuwed, and Candikesuma);
and (C) (Villages of Pejarakan and Sumberkima).

4. Conclusions
This study highlights a novel, multi-index regression-based approach to estimate

above-ground carbon (Cag) in mangrove forests using Sentinel-2 imagery, addressing the
urgent need for accurate, scalable, and accessible blue carbon assessment tools in tropical
coastal ecosystems. Through a comprehensive evaluation of thirty-two vegetation indices,
seven indices (MSR-Red, GCI, GRVI, CIRE, TRVI, SLAVI, and SR) demonstrated strong
correlations with the field-measured Cag, with the SR index emerging as the most individ-
ually predictive (r = 0.847, R2 = 0.707). This study’s key innovation lies in developing the
TrIVCag model, which combines the SR, SLAVI, and TRVI into a single multiple regression
framework. This model achieved the best overall performance (r = 0.8695, R2 = 0.7279),
accurately explaining 72.79% of the variation in the above-ground carbon. The model
validation using 15 independent field plots confirmed its robustness, with a correlation
of r = 0.852 and an RMSE of 92.40 tonC/ha. This study estimated that the mangrove area
in western Bali, excluding the West Bali National Park, covered approximately 376.85 ha
in 2023, with a total above-ground carbon stock of 34,994.55 tonC. Region A recorded the



Coasts 2025, 5, 33 15 of 18

highest Cag value with an average of 98.97 tonC/ha (with a total amount of 24,332.38 tonC),
followed by Regions B and C with 66.58 tonC/ha (with a total amount of 2390.82 tonC) and
86.98 tonC/ha (with a total amount of 8271.35 tonC), respectively.

The TrIVCag model represents a practical and statistically interpretable tool for es-
timating mangrove carbon stocks using only spectral information from freely available
Sentinel-2 imagery. Its novelty lies in the strategic combination of spectral indices that
capture both biochemical and structural vegetation properties, offering a more reliable
estimation than single-index models typically used in prior studies. As such, this research
contributes a replicable and adaptable framework for rapid carbon estimation in man-
grove regions that lack high-resolution structural datasets or expensive field campaigns.
Nevertheless, several limitations must be acknowledged. The relatively small sample size
for model validation (15 plots) may affect the spatial representativeness of the results.
Additionally, although Sentinel-2 offers high-resolution multispectral imagery, it lacks the
vertical sensitivity needed to characterize key forest structure elements, such as the canopy
height and sub-canopy biomass. The TrIVCag model may therefore underrepresent above-
ground carbon in more structurally complex stands. Despite this, the model’s accuracy
level remains within acceptable bounds and compares favorably to similar studies using
global or regional data.

To build upon these findings, future research should aim to increase the quantity and
spatial diversity of ground validation data, integrate 3D structural information from LiDAR
or Sentinel-1 SAR to enhance vertical accuracy, and apply time-series analyses to account
for seasonal dynamics. Incorporating machine learning approaches such as random forests
or Gradient Boosting can further improve the predictive capacity and feature selection.
Overall, this study provides a promising foundation for efficient mangrove carbon monitor-
ing using remote sensing, with significant implications for coastal ecosystem management,
climate change mitigation, and national greenhouse gas accounting initiatives.
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