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Abstract

Mangroves are among the plants that effectively absorb CO; compared to other terrestrial vegetation.
Monitoring their Aboveground Carbon Stock (AGC) in a specific area is essential for conservation and
egological management. This research employed optical and radar imageries to estimate mangrove AGC. The
radar can penetrate clouds and vegetation canopies, which will further be compared accordingly. Mangrove
AGC in Pangpang Bay Mangrove Forest, East Java Province, Indonesia, was assessed using the polynominal
regression model. The findings showed that the band 2 of Sentinel-2 exhibited the maximum accuracy level at
74.40%, accompanied by a standard error of 20.28 ton/ha. In this research, the VV (Vertical-Vertical)
backscatter variable, identified as the most effective Sentinel-1 independent variable for estimating carbon
stock, had an accuracy rate of 58.54% with a standard error of 32.84 ton/ha. Furthermore, the VV backscatter
variable exhibited a higher determination coefficient (R> = 0.34) compared to band 2 (R’ = 0.24), hence serving

as the most effective predictor of AGC variations.
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1. Introduction
Global warming results from the accumulation of
carbon dioxide (CO>) in the atmosphere. It can lead
to the greenhouse effect, elevating the earth’s
average temperature and eventually causing changes
in weather patterns, global glacier melt, and sea level
rise [1] and (2]. In order to mitigate the impact of
global warming, it is necessary to reduce carbon
dioxide levels, one of which is by utilizing carbon-
absorbing plants through photosynthesis and
sequestration [3]. Mangroves possess the capacity to
store carbon in large quantities for extended
durations compared to terrestrial forests and
vegetated coastal areas [4] and [5]. Therefore,
mangroves significantly contribute to carbon
sequestration and storage in aboveground biomass
(leaves, stems, twigs), belowground biomass (roots),
and soil sediments; thus, it is essential to manage and
conserve mangrove ecosystems to sustain carbon
dioxide absorption [6].

Mangrove carbon stock mapping is important for
mangrove ecosystem management and conservation,
functioning to identify the ecosystem’s carbon
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storage capacity [7]. The data on carbon storage and
uptake estimation can be used for sustainable
environmental management as they track the amount
of carbon storage and uptake over certain time
periods [8]. By using the remote sensing method, this
mapping is feasible as it surpasses direct field
measurement in effectiveness and efficiency
regarding time, cost, and extensive area coverage
[5][9] and [10]. In general, passive or optical imagery
has been shown to significantly contribute to forest
monitoring and evaluation efforts, including the
assessment of biomass and carbon stocks [11] and
[12]. However, optical images are constrained by
cloud interference, particularly in tropical regions
during wet seasons, leading to inaccurate pixel
values and satellite imagery mapping. Atmospheric
dust, vapor, and aerosol particles can also affect the
radiometric and the pixel values of the images [13]
and [14]. Another factor is the saturation of images’
pixel values, whereby the spectral reflectance values
lose sensitivity to the biomass vegetation as the
estimated biomass in a region is very high [15].
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The Normalized Difference Vegetation Index
(NDVI) is prone to saturation due to its reliance on
the near infrared (NIR), which is sensitive to the
biophysical characteristics of vegetation [16] and
[17]. As an alternative data for mapping, radar
images can be used to overcome cloud and
atmospheric barriers in optical imaging. It can
traverse clouds and the atmosphere to generate
cloud-free images [18]. Synthetic Aperture Radar
(SAR), a variant of radar, can also provide three-
dimensional data of biophysical parameters,
rendering it a viable medium for estimating
Aboveground Biomass (AGB) and Aboveground
Carbon (AGC) in extensive tropical regions [19].

Based on the previous explanation, active remote
sensing may serve as an alternative for estimating
AGB while ensuring good accuracy. In addition,
research on carbon stock estimation using these data
is crucial for assessing the radar’s efficacy in
estimating AGB compared to optical imagery under
similar conditions. Therefore, this research was
conducted to compare the accuracy of carbon stock
mapping in mangroves using the Sentinel-1
polarization, polarization ratio, radar vegetation
index, and multiple bands and vegetation index
transformation of Sentinel-2.

2. Materials and Methods

2.1 Research Site

This research was conducted in some areas of
Pangpang Bay Mangrove Forest, East Java,
Indonesia, encompassing an area of 528.09 ha
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(Figure 1). As these sites are within a conservation
area, the ecosystem remains unspoiled [20]. Sandy
and muddy substrates are ideal for the growth of
Rhizophora mucronata. Moreover, the temperature,
pH level, and salinity of the local waters are suitable
for the growth of Rhizophora and Avicennia, with a
temperature of 27°-33°C, a pH of 6.8-7.4, and
salinity of 10—33%o [21]. There are five families of
mangrove vegetation distributed in this forest,
including Sonneratiaceae, Rhizoporaceae,
Avicenniaceae, Acanthaceae, and Meliaceae.
However, field observations reported no presence of
Acanthaceae and Meliaceae among the five species
examined. The mangrove species that were often
found include Rhizophora apiculata, Rhizophora
stylosa,  Rhizophora  mucronata,  Brugueira
gymnorrhiza, Sonneratia alba, Avicennia marina,
Ceriops tagal, and Ceriops decandra. These species
can be distinguished by their physical appearance,
such as the shape of their leaves, stems, and roots.
For example, mangrove species such as Rhizophora
stylosa, Rhizophora mucronata, and Rhizophora
apiculata are characterized by prop roots, while
Avicennia marina is characterized by pencil roots
and small leaves, unlike Sonneratia alba, which has
larger pencil roots and wider leaves. Then, the
differences between species, based on field
observations, serve as the basis for determining the
wood density of mangrove vegetation used in
biomass and carbon stock calculations. Furthermore,
a related mangrove species of small Nypa fruticans
was also identified in the inner zone.

114°22'0"E 114°23'0"E

8°31'0"S 8°30'0"S 8°29'0"S 8°28'0"S

8°32'0"S

Figure 1: Pangpang Bay mangrove forest, East Java, Indonesia, shown in true color
composite of Sentinel-2 image
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Table 1: Overview of the satellite imagery

Satellite . Spatial Description (Level
NI, Imagery ACTIE GO DETD ReSOl[l)ltiOIl (m) and Pr[())duct(Type) 1w
1 Sentinel-1 18 November 2023 10 Ground Range 405436
24 December 2023 Detected (GRD) 410089
2 Sentinel-2 27 September 2023 10 Level-2A S2B_OPER MSI L2

A_DS_S2RP_202410
26T073954 S202309
277023803 N05.09

2.2 Data Collection and Preprocessing

This research used Sentinel-1 and Sentinel-2 images
obtained from https://scihub.copernicus.eu/, utilizing
Sentinel-1 Ground Range Detected (GRD) images
and Sentinel-2 level 2A images (Table 1). The
Sentinel-2 images used have been adjusted to the
Bottom of Atmosphere (BOA) level to generate
surface reflectance values [22]. This research utilized
two scenes of Sentinel-1 images to correct the
multitemporal speckle filtering. This method is
effective for Sentinel-1 images since it enhances the
spatial detail without significant shifts [23].

2.2.1 Sentinel-1 preprocessing
The correction and calibration of Sentinel-1 images
involve four preprocessing stages, viz. radiometric
calibration, thermal noise removal, multitemporal
speckle filtering, and geometric/terrain correction.
These stages were processed using SNAP software.
The preliminary stage is radiometric calibration to
adjust the pixel’s backscatter value, thereby
accurately representing the actual field conditions
[7]. This research used sigma nought calibration for
radiometric correction of areas with minimal
topographic variations [24] and [25]. The subsequent
stage was thermal noise removal correction to
eliminate noise resulting from depolarization [26].
After correction, the visual results of the image
remained the same, and eventually, the Sentinel-1
images used exhibited minimal thermal noise.
Subsequent to radiometric correction and thermal
noise removal, the next stage was speckle filtering.
Two pre-corrected Sentinel-1 image scenes were
used for multi-temporal speckle filtering using the
Frost method. It is among the speckle filtering
methods with the smallest Mean Square Error value,
leading to a minimal shift of image objects [23]. The
final stage was geometric correction to address
geometric inaccuracies due to recording effects [27].
With the Range Doppler terrain correction method,
which entails the reverse adjustment of each pixel’s
position to the coordinate point, thereby enabling
precise arrangement of pixel values according to the
cartographic reference. The researchers used the
“convert to dB” feature in the same software to

modify the intensity values to correspond with the
backscatter ones.

2.2.2 Sentinel-2 preprocessing

The radiometric and geometric corrections are
unnecessary as the Sentinel-2 images used in this
research are level 2A, with pixel values representing
Surface Reflectance (SR). Nevertheless, while the
pixel values are in the form of Digital Number (DN)
values ranging from 0 to 10,000, they must be
converted to object reflectance values ranging from
0 to 1 [28]. This research used merely four of the 13
bands from the Sentinel-2 images (Table 2),
including visible blue, green, red, and near-infrared
(NIR) bands. This is because the spatial resolution of
the image was adjusted to the size of the sample plot
used for field measurements, which was 10 x 10
meters.

2.3 Image Variable Processing

Alongside the backscatter and spectral reflectance
values of each band, derivative independent variables
were also utilized. The variables comprise three
polarization transformation results from Sentinel-1
images, one vegetation index from Sentinel-1
images, and six vegetation indices of Sentinel-2
images. In total, there were 16 independent variables
used in this research. The radar polarization
transformation (Cross Ratio) applied the VH and VV
polarization backscatters, which are sensitive to
biomass and water content in vegetation [29] and
[30]. Therefore, it is applicable to mangrove forests
with high water content. Additionally, the
polarization division, a highly reliable predictor of
biomass [31], and the Radar Vegetation Index (RVI)
for Sentinel-1 [32], were also used. The variables for
Sentinel-2 imagery comprise the Normalized
Difference Vegetation Index (NDVI), Enhanced
Vegetation Index (EVI), Difference Vegetation
Index (DVI), Soil-Adjusted Vegetation Index
(SAVI), Modified Soil-Adjusted Vegetation Index
(MSAVI2), and Atmospherically  Resistant
Vegetation Index (ARVI). Table 3 presents the
equations (Equations 1 to 10) used for derivative-
dependent variables of Sentinel-1 and Sentinel-2.
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Table 2: Spectral bands of Sentinel-2 images

Central . .
No el Band description Wavelength 3 LA
number (meter)
(pm)

1 Bl Band 1 — Coastal aerosol 0.443 60

2 B2 Band 2 — Blue 0.490 10

3 B3 Band 3 — Green 0.560 10

4 B4 Band 4 — Red 0.665 10

5 BS Band 5 — Vegetation Red Edge 0.705 20

6 B6 Band 6 — Vegetation Red Edge 0.740 20

7 B7 Band 7 — Vegetation Red Edge 0.783 20

8 B8 Band 8 — Near Infrared (NIR) 0.842 10

9 BSA Band 8A — Vegetation Red Edge 0.865 20

10 B9 Band 9 — Water vapor 0.945 60

11 B10 Band 10 — SWIR — Cirrus 1.375 60

12 Bl11 Band 11 — SWIR 1.610 20

13 B12 Band 12 — SWIR 2.190 20

Table 3: The independent variables
Image Variable Formula Equation Reference
number
Cross Ratio Oy — Oy [33] [33]
Polarization 0 0
| Division 1 v / Oyy (31] [31]
Sentinel-  pglarization 0 0
1 Division 2 vy /Oy [31] [31]
407
RVI RVI = L4 [32] [32]
Oyy + Oy
NIR - RED
NDVI . [34] [34]
NIR + RED
NIR - RED
EVI 2.5x% [35] [35]
NIR+6RED —7.5BLUE + L
DVI NIR - RED [36] [36]
Sentinel- NIR — RED
2 SAVI —————(1+1) [37] [37]
NIR+RED+ L
MSAVI2 0.5(2NIR+1—\/(2N1R+1)2 —8(NIR—RED)) [38] [38]
NIR - RED -y (BLUE — RED)

ARVI [39] [39]

NIR + RED — y (BLUE — RED)

2.4 Fieldwork and Sampling Method

The field sample points were determined using a
purposive sampling method, considering the
accessibility of the location, either by land or
waterway. This method is both effective and efficient
in terms of time, energy, and the optimality of sample
size [40]. The sampling activity involved measuring
the circumference of mangrove trees to determine the
Diameter at Breast Height (DBH) of the trunks,
height, and canopy density. The DBH value of the
tree trunk can be directly used to calculate the AGB
value using the general allometric equation [41]. This
equation calculates the top biomass of each tree with

a diameter from 5—49 cm and an optimal height under
10 meters [42]. Afterwards, the AGB value was
converted into AGC value by assuming that 47% of
the total AGB constitutes AGC based on the SNI
7724:2019 on the assessment of forest carbon stocks.
In addition, supplementary data, including mangrove
species and the coordinates of each sample plot, were
also acquired. The sample is a square area of 10 x 10
meters. This sample plot also used on in research to
develop an AGC estimation model using Sentinel-2
imagery [43].

The measurement was performed at 41 sites in the
Pangpang Bay Mangrove Forest in five days (Figure
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1). Terrain accessibility and meteorological changes
were among the challenges encountered during the
sampling. However, the total of 41 plots was
determined based on field accessibility and data
representativeness  across  varying — mangrove
structures, which is consistent with several recent
studies showing that 30-60 plots are generally
sufficient for remote sensing—based biomass
estimation [44]. Although relatively limited, the
number of plots still met the minimum sample range
recommended for tropical forest studies, especially
when stratified sampling and model validation are
applied. Therefore, the 4l-plot dataset was
considered adequate to ensure statistical robustness
while balancing field constraints and model
reliability.

The predominant mangrove species in that area is
Ceriops tagal, situated in the inner zone of the
mangrove forest. In addition, carbon stock values
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under 50 ton/ha were found in the central part of the
mangrove forest (Table 4), predominantly
characterized by Ceriops tagal with a range of carbon
stock values from 20.11 to 47.73 ton/ha. From the
table of field data collection results above (Table 4),
it can be seen that the number of trees in each plot
varies, ranging from 4 to 50 trees with an average
DBH of 6.3-16.6 cm. The table also shows that there
is an inverse relationship between the number of trees
and the average DBH, where sample locations with a
large average DBH have fewer trees, such as plots 20
and 29, which have average DBHs of 14.79 cm and
16.66 cm, respectively. In locations with a large
number of trees, such as plots 6 (40 trees) and 11 (50
trees), the average DBH of the tree trunks was only
around 8.99 cm and 8.66 cm, respectively. This could
be due to differences in species and competition
between trees for sunlight, nutrient supply, and
growing space, which inhibited growth.

Table 4: Field collected data

Sa;rll)ple Number of Trees Average ]()cBng Fle::loﬁ/ﬁac) Dominant Species
1 19 9.41 52.62  R.mucronata
2 10 12.64 63.14  R.mucronata
3 16 11.40 70.20  R.mucronata
4 23 8.87 52.79  R.mucronata
5 17 10.13 0.09  R.mucronata
6 40 8.99 94.46  C.tagal
7 46 741 66.80 C.tagal
8 35 8.88 79.22  C.tagal
9 41 8.65 98.67 C.tagal
10 27 9.94 87.21 C.decandra
11 50 8.66 107.04  C.tagal
12 16 12.59 101.12  R.stylosa
13 17 8.85 40.42  R.apiculata
14 12 14.81 108.57  R.apiculata
15 14 10.81 59.43  R.apiculata
16 19 9.21 47.85 R.stylosa
17 17 8.66 38.42  R.mucronata
18 20 9.67 54.50  R.mucronata
19 4 13.61 40.75  R.apiculata
20 9 14.79 70.11  R.apiculata
21 8 14.24 60.90  R.apiculata
22 12 11.55 62.25  R.apiculata
23 9 8.95 44.07  X.moluccensis
24 9 12.28 123.84  R.apiculata
25 11 11.76 118.96  R.apiculata
26 9 11.54 118.42  R.apiculata
27 9 10.93 84.26  R.apiculata
28 8 15.58 146.81  R.apiculata
29 6 16.66 137.30  R.apiculata
30 11 12.62 127.80  R.apiculata
31 29 7.42 95.77  C.tagal
32 22 7.44 67.74  C.tagal
33 23 6.36 48.00 C.tagal
34 18 9.23 102.39  C.tagal
35 37 7.74 127.68  C.tagal
36 37 7.18 106.04  C.tagal
37 48 7.52 139.11  C.tagal
38 21 7.78 81.57 C.tagal
39 21 10.52 156.01  C.tagal
40 25 9.61 150.46  C.tagal
41 22 13.34 291.81  C.tagal
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2.5 Modelling the Aboveground Carbon Stock
Using Sentinel-1 and Sentinel-2

Of the 41 field samples collected, 31 samples,
approximately 75% of the total, were used for
modelling, while the remaining were used for
accuracy testing. A multivariate regression analysis
requires a minimum of 10 samples for each variable
of interest [45]. Therefore, a minimum of 30 samples
is necessary for conducting a multivariate regression
analysis with three variables of interest that contains
two independent variables and one dependent
variable. The researchers performed a Pearson
correlation test and regression analysis to identify the
optimal factors among six Sentinel-1 variables and
ten Sentinel-2 variables. The correlation test seeks to
determine the relationship between the dependent
and the independent variables, with the dependent
variable being the field carbon stock value
represented by the correlation coefficient (r) [46].
The Pearson correlation test generates a Pearson
correlation coefficient that indicates a linear
relationship between two variables [47]. In addition
to the correlation test, regression analysis is also
crucial for identifying the most pertinent independent
variable related to the dependent variable.
Meanwhile, the regression analysis produces a
regression equation and a coefficient of
determination (R?), which assess the ability of the
independent variable elucidates the dependent

Sentinel-2 Level

i

Pixel value
conversion

i

Mangrove forest
classification
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variable; ergo, a higher R’ value indicates a superior
explanatory capacity of the independent variable
regarding the dependent variable [48].

The regression analysis is non-linear and employes
a second-order polynomial, as carbon stock levels
may exhibit a non-linear correlation with remote
sensing variables [49]. Subsequently, the modelling
results were evaluated for accuracy to measure the
model’s effectiveness in estimating AGC stock. This
research employed the Standard Error of Estimate
(SEE) method and the 1:1 goodness of fit plot or 1:1
plot for the modelling accuracy test. The SEE method
assesses the number of errors in each sample [50],
whereas the 1:1 plot evaluates data distribution and
quantifies the results of modelling estimates [51].
The accuracy test was conducted using 25% of the
total field sample. The workflow in this research can
be seen in Figure 2.

3. Results

3.1 Field Aboveground Carbon Stock Calculation
The calculations utilized the generic allometric
equation proposed by [41] with stem density
coefficients from [52] (Table 5). The result of this
calculation yields the aboveground biomass (AGB)
of each mangrove stem, which is further converted
into carbon stocks in accordance with the SNI
7724:2011 by multiplying the results of the biomass
calculation from [41] by 0.47.

Sentinel-1 SAR
GRD

J

Image
preprocessing

Mangrove area

| I

Sample point
determination

Mangrove area
masking

Image
transformation
( 1 Index).

I Field survey I

Single band pixel value

l Biomass
. calculation
'Vegetation Index (NDVI, EVI, DVI,
SAVI, MSAVI2, ARVI)

masking

Polarization
transformation
(polarization ratio and
Radar Vegetation Index)

Sentinel-1 predictor variables
(backscatter value and
polarization ratio)

Pearson
correlation

test

Biomass l
ﬁl conversion to Simple
carbon stock regression
Sentinel-2 predictor variables (single band and (AGC)
vegetation index value) l
¢ Field AGC value Sentinel-1 Aboveground Carbon
Pearson (AGC) map
correlation
test
Simple
regression

l Input Processing

Sentinel-2 Aboveground Carbon (AGC) map

Temporary
results

Figure 2: AGC modelling flowchart
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Table 5: Wood density of each mangrove species used for AGC calculation

No Mangrove species Wood density (g/cm?®)
1 Ceriops decandra 0.87
2 Ceriops tagal 0.85
3 Rhizophora apiculata 0.87
4 Rhizophora mucronata 0.83
5 Rhizophora stylosa 0.84
6 Sonneratia alba 0.47
7 Xylocarpus moluccensis 0.65

Table 6: Correlation test results of Sentinel-1 and Sentinel-2 independent variables on
field carbon stock values

No Variable Pearson Coefficient (r) Significance
1 Backscatter VH -0.25 0.17
2 Backscatter VV -0.38 0.03
3 Sentinel-1 Cross-ratio 0.25 0.18
4 Polarization Division 1 0.34 0.06
5 Polarization Division 2 -0.22 0.22
6 RVI 0.31 0.09
7 B2 -0.43 0.02
8 B3 -0.33 0.07
9 B4 -0.32 0.077
10 B8 0.16 0.39
11 Sentinel-2 NDVI 0.32 0.08
12 SAVI 0.25 0.17
13 MSAVI2 0.24 0.19
14 DVI 0.22 0.24
15 ARVI 0.27 0.14
16 EVI 0.21 0.25

This is due to 47% of the total vegetation biomass
composed of carbon. The results showed that the site
has a carbon stock value derived from field
measurements, ranging from 20.11 to 208.13 ton/ha.
Carbon stock values exceeding 100 ton/ha were
identified in the eastern part of the mangrove forest,
ranging from 108.7 to 208.13 ton/ha. The
predominant mangrove species in that area is Ceriops
tagal, situated in the inner zone of the mangrove
forest. In addition, carbon stock values under 50
ton/ha were found in the central part of the mangrove
forest, predominantly characterized by Ceriops tagal
with a range of carbon stock values from 20.11 to
47.73 ton/ha. The stand density in the eastern part of
the mangrove forest exceeded that of the western
one, presumably resulting in differing carbon values
despite species similarity.

3.2 Statistical Analysis for Aboveground Carbon
Stock Mapping

A normality test was performed as the early stage of
the statistical analysis of the data used for AGC
mapping, comprising field AGC calculation data and
pixel/backscatter values of Sentinel-1 and Sentinel-2
images. The normality test was done using the

Shapiro-Wilk method, yielding a value of 0.34 which
indicates that the data can be regarded as normally
distributed, allowing for the subsequent correlation
test. The Pearson correlation test indicated a negative
relationship between the single band Sentinel-2
imagery and the field carbon stocks. Band 2 of
Sentinel-2 imagery exhibited the highest correlation
coefficient among all independent variables,
recorded at -0.43, followed by the VV backscatter of
Sentinel-1 imagery at -0.38 (Table 6). Both of these
variables had significance values under 0.05. They
are statistically significant variables and can be used
for modelling. The relatively low correlation
coefficient between the two variables may result
from saturation in the spectral values of the satellite
images. Spectral saturation may transpire at biomass
or carbon stock values above 156 ton/ha [53]. A
comparable effect was also observed in research,
where spectral saturation led to a lower coefficient of
determination (R?) for estimating mangrove AGC,
with values of 0.22 on Sentinel-2 and 0.11 on
Sentinel-1 [7]. This saturation affects the sensitivity
of satellite imagery in estimating carbon stocks,
particularly in high canopy-density forests [17].
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3.3 Mangrove Aboveground Carbon Stock Mapping
3.3.1 Mangrove aboveground carbon stock mapping
using Sentinel-1

Active system remote sensing imagery, such as
Sentinel-1 SAR, is applicable for estimating and
mapping mangrove AGC due to its ability to
penetrate clouds and its sensitivity to surface
roughness, dielectric constant, and humidity of
objects [54] and [55]. Subsequently, the SAR
backscatter value was employed as an AGC
estimator by extrapolation based on the results of the
field AGC calculation. The field AGC value, as the
dependent variable, is linked to the field AGC value
using correlation test and regression analysis. The
results showed that the VV backscatter has a
coefficient of determination (R?) of 0.37 in non-linear
polynomial regression. Since the regression analysis
used is a non-linear regression, the modelling is site-
specific; therefore, it is essential to adjust the data to
enable the model’s application in other locations.
The coefficient of determination indicates that the
AGC estimation model using Sentinel-1 VV
backscatter can accurately account for 36.91% of the
variation in AGC values. The model exhibited AGC
values ranging from 50.04 to 454.73 ton/ha, with a
mean estimate of 68.96 ton/ha (Table 7).
Furthermore, the modelling also estimated a total
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AGD of 36,180 ton across the research sites
including over 500 hectares. Afterwards, the VV
backscatter estimations were categorized into five
AGC value groups for mapping, including 40 ton/ha,
40 — 60 ton/ha, 60 — 80 ton/ha, 80 — 100 ton/ha, and
> 100 ton/ha (Figure 3(a)). The estimations
predominantly yielded AGC values within the 40 —
60 ton/ha. The highest AGC values were located in
the center of the mangrove forest and the landward
zone. In the eastern and western parts of the forest,
viz. in the peripheral or coastal zone, AGC values
were anticipated to exceed 100 ton/ha. The visual
disparity in AGC values derived by zonation with
VV backscatter is notably imprecise, particularly
inside the central and inner zones.

3.3.2 Mangrove aboveground carbon stock mapping
using Sentinel-2

Similar to AGC mapping accomplished with
Sentinel-1 SAR, the AGC mapping using Sentinel-2
imagery was performed through non-linear
polynomial regression analysis. The modelling of the
AGC estimate using Sentinel-2 Band 2 resulted in an
R’ value of 0.24. This indicates that 24.03% of the
variation in AGC values may be accurately
elucidated by this model.

Table 7: Statistical results of AGC modelling

No Statistic Backscatter VV Band 2
1 Min 50.04 25.31
2 Max 454.73 400.29
3 Mean 68.96 63.64
4 Std. Dev. 36.24 26.03
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Figure 3: AGC maps produced from: (a) Sentinel-1 VV backscatter and (b) Sentinel-2 band 2
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The value was lower than the Sentinel-1 VV
backscatter AGC modelling. This model generated
AGC values ranging from 25.31 to 400.29 ton/ha.
Although the range of AGC values in this model was
more constrained than that of the Sentinel-1
modelling, it yielded a lower average AGC estimate
of 63.64 ton/ha (Table 6). Furthermore, the model
produced a total AGC of 33,593 ton of carbon, which
is lower than that of the Sentinel-1 model.
Meanwhile, similar to AGC estimation using VV
backscatter, the AGC estimation using Sentinel-2
band 2 was categorized into the identical five AGC
value groups for mapping (Figure 3(b)). There is a
difference in the spatial distribution of AGC values
in this modelling, with the seaward zone of the
western mangrove forest categorized under the low
AGC value class (< 40 ton/ha), whereas the highest
AGC value class was located in the middle zone of
the eastern mangrove forest. In the central part of the
mangrove forest, the estimated AGC values
predominantly ranged from 40 to 60 ton/ha in the
landward zone and from 60 to 80 ton/ha in the middle
and outer zones. The use of band 2 distinctly showed
the disparity in AGC values between zones, in
contrast to utilizing VV backscatter. The band 2
modelling results indicated that the western part,
formerly a pond, exhibited a relatively low AGC
value compared to other natural parts of the forest.

3.4 Accuracy Assessment of Mangrove
Aboveground Carbon Stock Mapping

This research employed two steps to assess the
performance of AGC estimation modelling,
including the Standard Error of Estimate (SEE)
accuracy test and the 1:1 plot. The accuracy test was
conducted using ten samples of AGC values derived
from field measurements. The SEE accuracy test

162

indicated that both modelling results achieved an
accuracy exceeding 50%, with the Sentinel-2 band 2
AGC modelling demonstrating higher accuracy
compared to the Sentinel-1 VV backscatter AGC
modelling, yielding accuracy test values of 74.40%
and 58.54%, respectively (Table 8). The results of the
accuracy test did not correlate with the model’s
capacity to explain the variation of the AGC value,
as indicated by the R’ value. This suggests that the
model derived from Sentinel-2 band 2 exhibits higher
accuracy, despite its diminished capacity to explain
variations in AGC values compared to the model
from Sentinel-1 VV backscatter. The lower Standard
Error (SE) value of Sentinel-2, at 20.28, compared to
Sentinel-1’s 32.84, demonstrated that the band 2
model more accurately reflects the actual AGC
values.

The accuracy test of the 1:1 plot method indicated
that the band 2 model exhibited greater consistency
than the VV backscatter model. This can be seen in
Figure 4 where the points on the 1:1 band 2 plot
exhibit clustering and alignment with the 1:1 line, in
contrast to the 1:1 VV backscatter plot, which shows
greater dispersion. The 1:1 band 2 plot also
demonstrated that the model had a tendency for
overestimation, with eight AGC field sample points
overestimated and  two sample  points
underestimated. Nonetheless, one sample point with
an estimation result nearly approximating the actual
data was the AGC value of 101 ton/ha. Furthermore,
the band 2 model also had a higher saturation
threshold compared to the VV backscatter model,
with saturation occurring at a field AGC value of 90
ton/ha for band 2, whereas the VV backscatter model
reached saturation at 66 ton/ha. This suggests that the
VV backscatter model is suboptimal in estimating
AGC with a high actual AGC value.
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Figure 4: Plot of 1:1 for AGC modelling; (a) backscatter VV and (b) band 2
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Table 8: Results of AGC modelling SEE accuracy test

No Statistic Backscatter VV Band 2
1 SE (ton/ha) 32.84 20.28
2 Min Accuracy (%) 58.54 61.12
3 Max Accuracy (%) 37.02 74.40

4. Discussion

The Sentinel-1 VV Backscatter and Sentinel-2 Band
2 variables effectively estimated the AGC of
mangrove vegetation in this research. In fact,
compared to other variables, including other single
bands (band 3, band 4, band 5, and band 8) and
vegetation indices used in this research, band 2
emerged as a statistically significant variable, as
evidenced by the preceding Pearson correlation test
which showed that band 2 was the sole Sentinel-2
variable with a significance value below 0.05.
Likewise, the Sentinel-1 VV backscatter variable
was the sole variable exhibiting a significance value
below 0.05. These two variables are applicable for
mangrove AGC modelling using regression analysis.
The correlation test results indicated that the
Sentinel-2 band 2 variable had a superior relationship
compared to the Sentinel-1 VV backscatter variable,
despite the inverse nature of this association. Band 2
has a negative Pearson correlation coefficient (r = -
0.68) with the actual mangrove AGC value [43]. This
also occurs in other visible wave bands, such as band
3 (green visible band) and band 4 (red visible band).
This inverse relationship occurs due to the absorption
of electromagnetic energy by the leaves, so that an
increase in biomass or AGC value at a location
corresponds to an increase in energy absorption.

The chlorophyll in leaves absorbs the most
electromagnetic energy at a wavelength of 420 nm,
while carotenoids absorb most effectively at a
wavelength of 445 nm [56]. These wavelengths are
situated in the blue visible wave spectrum, hence the
incorporation of biomass or AGC into vegetation
increases the absorption of electromagnetic waves in
this spectrum due to increased vegetation density.
The adverse correlation was also evident in the
results of the VV backscatter correlation test, which
indicates an inverse relationship between the
backscatter value and field AGC. A comparable
phenomenon was also observed in research [57],
which identified a negative correlation between
aboveground biomass (AGB) and Sentinel-1 VV and
VH backscatter values.

The regression analysis results showed that the
VV backscatter variable outperformed the band 2
variable in modelling mangrove AGC. This was
indicated by the higher R’ value of VV backscatter
(R? = 0.37) compared to band 2 (R’= 0.24),
suggesting that the VV backscatter is more
effectively elucidates variations in mangrove AGC

values. This was also reinforced by the regression
graph modelling AGC band 2 and VV backscatter
(Figure 4), where the VV backscatter had a more
diffuse distribution of sample points in contrast to the
one in the band 2 regression graph. This makes
Sentinel-1 potentially usable in AGC estimation at
locations with high variations in AGC values. This
analysis produces AGC estimation modelling using
Sentinel-1 SAR VV backscatter and band 2 Sentinel-
2 imagery, which will further be compared in terms
of accuracy and spatial distribution.

AGC modelling using Sentinel-2 band 2
produced a broader range of AGC values compared
to AGC modelling using Sentinel-1 VV backscatter.
However, the average AGC value estimated using
the VV backscatter was higher than that modelled
using band-2. This is because the minimum and
maximum AGC values estimated using VV
backscatter were higher than those estimated using
band 2. In addition, the degree of variation in AGC
values in the VV backscatter modelling was higher
than that in band 2, as indicated by the larger standard
deviation. This suggests that the VV backscatter has
significantly higher data heterogeneity than band 2.

The modelling accuracy test results showed that
both models exhibited commendable accuracy, with
a Standard Error (SE) of 32.84 ton/ha for the VV
backscatter model and 20.28 ton/ha for the band 2
model (Table 8). The AGC of mangroves in the
Bedul Mangrove Forest, located in Alas Purwo
Forest, Banyuwangi Regency was estimated using
Planetscope imagery and produced models with SE
values ranging from 31.41 to 32.93 ton/ha [40]. This
indicates that VV and band 2 backscatter can
optimally estimate mangrove AGC. Furthermore, the
accuracy of both models reached 74.4% for band 2
and 58.54% for VV backscatter. The accuracy test
results in this research also showed that band 2 was
more accurate in modelling mangrove AGC
compared to VV backscatter, as evidenced by the
more consistent distribution of 1:1 plot point in the
band 2 model compared to those in the VV
backscatter model.

Although the VV modeling results have a higher
R’ value than Band 2, this model still has a lower
prediction accuracy level as indicated by a smaller
standard error value. This also shows that the R’
value is not aligned with the SE value, as R’ only
indicates the statistical influence between variables
without providing an estimation accuracy value [58].
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Therefore, it is necessary to evaluate the model using
error-based measurements such as the Standard Error
of Estimate (SEE), which describes how accurate the
model is in estimating the AGC value, which is then
used as a reference to determine the most optimal
final model.

The modelling produced a total AGC stocks of
36,180 ton in the Sentinel-1 modelling and 33,593
ton in the Sentinel-2 modelling. In comparison to
other mangrove forest areas in Java, including the
Clungup Mangrove Conservation in Malang (3,834
ton) [59], the total AGC at the research site was
superior, with average AGC estimates of 63.64
ton/ha (band 2) and 68.96 ton/ha (VV backscatter),
exceeding the 47.34 ton/ha  benchmark.
Nevertheless, when compared to the total and
average AGC in Karimunjawa Island [5], the total
and average AGC in Pangpang Bay Mangrove Forest
is inferior to both sites. Karimunjawa Island has a
total AGC stocks of 96,482 ton, encompassing an
area of approximately 440 ha (average AGC stocks
of 216.4 ton/ha). Another research. reported that the
total AGC stocks in Benoa Bay Mangrove Forest,
Bali reached 35,349.87 ton/ha over an area of 391.85
ha [60]. Although the total AGC value was lower
than that of Pangpang Mangrove Forest, the average
AGC at this site was higher, reaching 90.21 ton/ha.

5. Conclusions

The AGC estimation mapping using Sentinel-1 and
Sentinel-2 images in this study was conducted using
Sentinel-1 VV backscatter and Sentinel-2 band 2
with non-linear regression analysis. The modelling
achieved commendable accuracy, with Standard
Error values of 32.84 ton/ha for the VV backscatter
(maximum accuracy of 58.54%) and 20.28 ton/ha for
band 2 (maximum accuracy of 20.28 ton/ha).
Nonetheless, the VV backscatter accounted for
variations in AGC values more effectively than band
2, as evidenced by the regression analysis results
indicating that the VV backscatter (R? = 0.37) had a
higher R? value than band 2 (R’ = 0.24).

The higher explanatory power of Sentinel-1 VV
backscatter reflects its sensitivity to vegetation
structure and its independence from atmospheric
conditions, making it particularly suitable for AGC
mapping in cloud-prone tropical regions. In contrast,
Sentinel-2 band 2, operating in the visible spectrum,
is more affected by atmospheric interference and
saturation in dense vegetation, limiting its
effectiveness. Despite these results, the relatively
moderate R? values suggest that AGC estimation
remains influenced by complex biophysical factors
not fully captured by single-band data.

Overall, the findings underscore the importance
of radar-based observations for regional AGC
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mapping and highlight the need for integrating multi-
band optical data, multi-polarization SAR, and
advanced modelling approaches to further improve
estimation accuracy and support robust carbon
monitoring.
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