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Abstract: Climate change or global warming is caused by an increase in
Earth's surface temperature due to the greenhouse effect, with carbon
dioxide (CO;) as the primary contributor. Rising CO, levels trigger
atmospheric warming, sea level rise, agricultural disruptions, and more
intense storms. Carbon absorption from the atmosphere can be achieved
through mangrove forests, which serve as natural carbon sinks. However,
mangrove deforestation leads to carbon release. This study aims to measure
carbon stock and the economic value of mangroves along the coast of Banda
Aceh City using NDVI analysis. The results indicate that the lowest carbon
value is 2.49505 x 107° tons per hectare, demonstrating very limited carbon
storage capacity in certain areas. The total economic value of carbon stocks
in four mangrove areas is Rp 2,400,026,446. This study is expected to provide
insights into global warming, support the role of mangroves as carbon sinks,
and serve as a foundation for further research on climate change.
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Introduction

Global warming is considered one of the key issues
of climate change. It is defined as the increase in Earth's
temperature caused by the entrapment of long-wave
solar radiation due to the greenhouse effect. Greenhouse
gases (GHGs) responsible for this effect include CO,,
CFCs, N0, CH,, and Os;. Among these, CO; is believed
to be the most significant contributor, accounting for
50% of the greenhouse effect (Bindu et al., 2020).

One of the mitigation strategies to reduce global
warming caused by GHG emissions is enhancing the
role of mangroves as carbon sinks. The carbon stored in
biomass represents the potential of mangroves to
sequester and store carbon (carbon stock) (Irsadi et al.,
2015).

Reducing carbon emissions, which contribute to
greenhouse gases (GHGs), can also be achieved through
the carbon market economy. The value of carbon
services reflects the willingness of society to pay in order
to avoid the damage caused by rising carbon emissions
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(Farahisah et al., 2021). The economic value of mangrove
ecosystems can serve as a fundamental reference for
formulating  sustainable = mangrove  ecosystem
management policies, ensuring the preservation of
mangrove forest areas (Kepel et al., 2017).

Mangrove forests cover only 0.4% of the world's
total forest area. However, according to the updated
National Mangrove Map (PMN) in 2021, Indonesia has
approximately 3.3 million hectares of mangrove forests,
representing 23% of the global mangrove ecosystem
(Giri et al., 2011).

Mangroves provide numerous benefits, including
serving as a food source, wildlife habitat, coastal
protection, and a highly efficient carbon sink. They
absorb and store CO, from the atmosphere through
photosynthesis at a significantly higher rate than other
forest types (Hastuti et al., 2018).

The potential mangrove areas in Banda Aceh City
are distributed across several regions, including Kuta
Radja and Kuta Alam (Rahmah, 2014), Syiah Kuala
(Utami et al., 2021), and Meuraksa (Rahmi et al., 2019).
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Before the 2004 tsunami, mangrove forests in Banda
Aceh grew naturally along the coastline, contributing to
the preservation of the ecosystem. However, after the
tsunami, replanting efforts were carried out while
maintaining the existing mangrove species. As a result,
it is essential to assess the carbon stock in these
mangrove areas (Saputra et al., 2016). This study
employs a remote sensing approach (Rafdinal et al.,
2022) and further analyzes the data using ArcGIS
(Nesperos, 2021).

Traditional field measurement techniques are the
most accurate method for collecting biomass data.
However, this approach is often time-consuming and
difficult to implement, especially in remote areas.
Additionally, it does not provide the spatial distribution
of biomass over large areas (Lu, 2006).

Therefore, remote sensing can serve as a highly
effective tool for monitoring mangrove ecosystems, as it
allows for large-scale coverage, is cost-efficient, and can
be conducted periodically (Hendrawan et al., 2018). The
use of remote sensing technology provides valuable
information for estimating the potential of mangrove
vegetation as a CO: sink, enabling effective and efficient
monitoring (Cahyaningrum & Hartoko, 2014).

Research on estimating stored carbon stock in
mangrove vegetation is essential to determine the
capacity of mangrove forests in absorbing and storing
carbon from the atmosphere. This information supports
sustainable and long-term ecosystem management
efforts in relation to mitigating the effects of global
warming.

There is a strong correlation (R? = 0.728) between
vegetation indices derived from satellite data and
estimated carbon stock calculated using allometric
equations (Sugianto, 2016). This high coefficient of
determination indicates that satellite data is reliable for
estimating carbon stock. Numerous studies have already
utilized remote sensing techniques to measure carbon
stock in mangrove vegetation (Anand, 2020; Bindu, 2020;
Hastuti et al., 2018; Schaduw, 2021).

Therefore, this study aims to further explore the
Valuation of Mangrove Carbon Stock in the Coastal
Areas of Banda Aceh City.

Method

Using remote sensing methods, we can monitor
carbon in mangrove ecosystems through Vegetation
Index Analysis (NDVI) and satellite imagery sourced
from Google Earth Engine to detect changes in land
cover and mangrove vegetation. Meanwhile, the
economic valuation of carbon is conducted by applying
Carbon Pricing, including emissions trading systems, to
calculate the economic value of carbon storage or
emission reduction derived from mangrove ecosystems.
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This study will be conducted in Banda Aceh City,
covering several districts, including Kuta Radja, Kuta
Alam, Syiah Kuala, and Meuraksa (Figure 1).

The tools used in this study include a laptop and
ArcMap software version 10.8 with ArcToolbox support.
The materials used consist of a shapefile of the district
boundaries of Kuta Radja, Kuta Alam, Syiah Kuala, and
Meuraksa in Banda Aceh City, as well as Sentinel-2A
satellite imagery (Surface Reflectance) obtained from
Google Earth Engine (GEE).

Figure 1. Research location

Accessing Sentinel-2A Satellite Imagery (Surface Reflectance)
in Google Earth Engine (GEE)

This study utilizes the Sentinel-2A dataset from
January 1, 2023, to August 1, 2024, to generate a
mangrove land cover map for four districts in Banda
Aceh City. The data is accessed through Google Earth
Engine (GEE) using JavaScript, which incorporates
shapefiles of the four districts under study, Sentinel-2A
imagery within the specified time range, and selected
spectral bands essential for mangrove monitoring. These
bands include Band 2 (Blue), Band 3 (Green), Band 4
(Red), Band 8 (Near-Infrared/NIR), and Band 11
(Shortwave Infrared 1/SWIR 1). The combination of
these spectral bands allows for effective vegetation
analysis, aiding in the identification and distinction of
mangrove areas from other land cover types.

Radiometric correction is performed by combining
and standardizing the colors of multiple images into a
unified dataset, both digitally and visually. Raw satellite
imagery is processed using ArcGIS software to enhance
its quality. Meanwhile, atmospheric correction is carried
out using the dark pixel correction method.

The Sentinel-2A imagery composite is generated
using ArcGIS software. The process begins by importing
the five downloaded spectral bands. Then, a composite
image is created using the composite bands (data
management) tool, where the raster bands are arranged
in order from the shortest to the longest wavelength:
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Band 2 (Blue), Band 3 (Green), Band 4 (Red), Band 8
(Near-Infrared/NIR), and Band 11 (Shortwave Infrared
1/SWIR 1). Once the bands are composited, three key
bands (NIR, SWIR, and Red) are selected in the
symbology menu within the properties settings to
identify = mangrove areas. Finally, mangrove
classification is performed using the Iso Cluster
Unsupervised Classification method.

Classification is used to distinguish mangrove land
cover from other land types, such as fish ponds,
settlements, land areas, shallow waters, and deep seas
(Aswin et al.,, 2021). Additionally, the mangrove area
calculation is processed in a distribution table, where the
digitized mangrove polygons are automatically
measured using the geometry calculate function (Irawan
& Malau, 2016). The mangrove area is presented in the
International System of Units (SI), specifically in
hectares (ha).

Figure 2. Composite model builder of sentinel 2A image data
was done using ArcGIS software

In remote sensing analysis, satellite image
processing often requires the combination of multiple
spectral bands to extract richer information.
ModelBuilder in GIS software, such as ArcGIS,
automates processing by structuring an efficient
workflow. A recent study by Velamala et al. (2024)
developed a new ArcGIS toolbox to automatically
generate soil fertility distribution maps using
ModelBuilder. Their research demonstrates that
ModelBuilder enables non-GIS users to produce spatial
maps more easily.
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Through ModelBuilder, users can import various
satellite image bands, merge them into a band
composite, and systematically manage data. This
process is highly beneficial for environmental analysis,
such as mangrove ecosystem monitoring, where band
composites are used to identify land cover changes and
vegetation conditions. This approach enhances data
analysis by making it faster, more accurate, and easily
replicable for various research or natural resource
management applications.

The composited satellite imagery remains in raster
format, requiring conversion to vector format for further
analysis. This is done using the Raster to Polygon tool
found in the search menu. The processed mangrove area
composite is then converted and stored as a vector file
(shapefile/.shp) for further spatial analysis and
mapping.

At this stage, image clipping is performed based on
the Area of Interest (AOI) to reduce data size, making it
easier for the computer to process (Syamsu et al., 2018).
Additionally, AOI-based image clipping helps delineate
the study area boundaries in Banda Aceh for more
focused analysis.

A ground survey (ground check) is essential to
verify real-world conditions and compare them with the
mangrove cover detected from satellite imagery for data
validation. The field survey also aims to assess the
condition of the mangrove forest, surrounding
buildings, and residential areas (Irawan & Malau, 2016).
Ground checks are conducted using Global Positioning
System (GPS) devices and cameras to document field
observations (Fikri et al., 2021).

The NDVI analysis is conducted in ArcGIS using
ModelBuilder, where the NIR band and Red band are
incorporated into the toolbox directory. The NDVI
calculation is then performed wusing the Raster
Calculator, where the NDVI formula is applied to
generate vegetation index values.

NIR-RED

NDVI = 1)
NIR+RED

Calculation of Land Cover Using the Normalized Difference
Vegetation Index (ND VI)

The NDVI (Normalized Difference Vegetation
Index) is a calculation based on the reflectance of visible
light and near-infrared (NIR) by vegetation. The pixel
classification values for NDVI range from -1 to 1. Low
NDVI values (negative) indicate areas such as water
bodies, rocks, sand, and snow, while high NDVI values
(positive) correspond to vegetated areas such as
savannas, shrubs, and forests. NDVI values close to 0
typically represent bare land. The NDVI algorithm used
in this study follows the approach of Huang et al. (2021).
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Calculation of Mangrove Carbon Stock Using Model Builder

The calculation of mangrove carbon stock is
performed in ArcGIS by analyzing vegetation indices,
below-ground biomass, above-ground biomass, total
biomass accumulation, total carbon stock, and
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mangrove carbon sequestration. The process involves
integrating vegetation indices with biomass data to
estimate the total carbon stock stored in mangrove
ecosystems.

o= %00

Figure 3. Calculation of mangrove carbon stock using model builder

Estimation of Above-Ground Biomass (AGB)

The estimation of above-ground biomass (AGB) is
conducted using the NDVI-based correlation equation
for mangrove biomass, with a coefficient of 0.787, as
proposed by Jha et al. (2015):

AGB=305.9xNDVI4.864 @)

Where:
NDVI = Vegetation Index value
AGB = Above-Ground Biomass value (ton ha™)

Estimation of Below-Ground Biomass (BGB)
The below-ground biomass (BGB) is estimated from
the calculated AGB using the following equation:

BGB = Exp(-1.0587+0.8836*Ln(AGB)) (3)
Where:
AGB = Above-Ground Biomass (ton ha™)
BGB = Below-Ground Biomass (ton ha™)

Calculation of Total Accumulated Biomass (TAB)
The total accumulated biomass (TAB) is formulated
as:
TAB=AGB+BGB
Where:
TAB = Total Accumulated Biomass (ton ha™)

Calculation of Total Carbon Stock (TCS)
The total carbon stock (TCS) is calculated using the
following formula:

TCS=TABx % COrganic (4)

Where:

TCS = Total Carbon Stock (ton C ha™)

TAB = Total Accumulated Biomass (ton ha™)

%C Organik = Percentage of stored organic carbon (0.47)
or based on laboratory measurements.

Economic Valuation of Mangrove Carbon Stock

The economic value of mangrove carbon stock is
determined by integrating carbon sequestration data
with carbon pricing models, including emissions trading
systems and market-based carbon credit valuation. This
approach helps assess the financial benefits of mangrove
conservation in relation to global climate change
mitigation.

The value of carbon traded in the global carbon
market aims to offset greenhouse gas (GHG) emissions
released into the atmosphere as a result of human
activities. Through the purchase of carbon credits,
buyers can compensate for their carbon emissions
(Maharia et al., 2020).

The estimation of the economic value of carbon
storage uses pricing approaches from both the voluntary
and mandatory markets, including the Clean
Development Mechanism (CDM). The global estimation
of carbon storage's economic value varies depending on
the market mechanisms applied.

The carbon price estimation used in determining
the economic valuation of mangroves refers to the
Global Social Cost of Carbon, with a fixed price of $50
per ton of carbon (Hafli & Samiaji, 2024). The valuation
formula is as follows:

SUM/ 100 x $50 x Rupiah exchange rate (5)

Where:

SUM = Total carbon stock area measured in pixel units
from Sentinel-2A imagery

100 = Conversion factor of Sentinel-2A pixels to hectares
$50 = Carbon price, approximately $50 per ton of carbon
per hectare

Result and Discussion

Mangrove Area Image Processing
Sentinel-2B imagery was downloaded for free via

Google Earth Engine (GEE), a comprehensive platform
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for accessing global remote sensing data. In this study,
the imagery was processed using ArcGIS software,
which is widely recognized for its advanced spatial
analysis capabilities.

The image processing workflow included several
key stages, such as pre-processing, band combination,
and spectral analysis. ArcGIS was utilized to extract
more detailed information from the imagery, enabling
accurate object identification for mangrove vegetation
analysis. Figure 4 presents the results of Sentinel-2B
image processing used in this study.

Figure 4. Band Combination for mangrove area processing
with brick-red indication

After the image clipping process, the next step is to
merge the images using the Composite Band technique.
This technique involves combining two or more images
with different spatial, spectral, or temporal resolutions
to generate a more comprehensive and detailed image.

A method that enhances image quality by
integrating the strengths of each original image (Wald,
1999). Using Composite Band, high-resolution images
can be generated by merging multiple spectral bands,
improving the accuracy of land cover classification and
feature extraction.

The composite image is created by merging three
spectral channels (bands) to produce red, green, and
blue (RGB) colors. In this study, the image combination
was performed using Band 4 (Red), Band 3 (Green), and
Band 2 (Blue) to effectively separate vegetation from
other objects. These three bands share the same spatial
resolution of 10 meters, ensuring uniform image quality
and analysis accuracy.

Unsupervised Classification Processing

The distribution of mangrove areas resulting from
Unsupervised Classification, as shown in Figure 2,
indicates the presence of classification errors (bias). This
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issue arises because non-mangrove vegetation is
misclassified as mangrove.

During the Unsupervised Classification process,
the training area selection plays a crucial role in
determining classification accuracy. However, since this
method does not rely on pre-labeled training data,
misclassification may occur, especially in areas where
mangrove and non-mangrove vegetation share similar
spectral characteristics.

In Unsupervised Classification, training areas are
created on the imagery based on visual interpretation to
group objects into specific classes. These training areas
help in categorizing similar objects, ensuring better
classification accuracy. The more training areas assigned
to a particular class, the more precise the grouping
becomes.

Training areas can be drawn in various polygon
shapes, such as triangles, squares, or other polygons.
From the classification results, only the mangrove areas
are extracted to determine their distribution within the
study area. The results of Unsupervised Classification
(Figure 5) serve only as an initial reference for
identifying key locations and guiding the selection of
coordinate points for Supervised Classification, which
provides a more accurate and refined classification of
mangrove vegetation.

Figure 5. Unsupervised classification

L

Figure 6. Combined results of mangrove areas based on field
verification
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Field Verification of Mangrove Conditions

Field verification of mangrove conditions was
conducted by comparing vector-converted data with
satellite imagery available on Google Earth. This process
involves overlaying classified vector data onto Google
Earth imagery to validate the accuracy of mangrove
classification results. By using this method, we ensure
that areas identified as mangrove in the image analysis
genuinely correspond to actual mangrove areas, while
also detecting potential misclassifications.

Field verification is crucial for improving mapping
accuracy and supporting better decision-making in
mangrove ecosystem management (Figure 6).

Carbon Stock Distribution: High and Low Classes

The distribution of carbon stock classes was
analyzed by focusing on mangrove areas with high and
low carbon storage capacities. Carbon stock classes were
categorized based on the intensity of carbon stored
within different mangrove types. The analysis results
are presented in Figure 7.

TOTAL CARBON IN
AMANGROVE ECOSYSTEM

N

Scale 1:50.000 7

Figure 7. Distribution of high and low carbon stock classes

Carbon Distribution in Mangrove Areas

Figure 7 provides a detailed visualization of carbon
distribution within the mangrove ecosystem of Banda
Aceh City. The low-carbon class has a total carbon stock
of 46,927 tons, representing mangrove areas with
reduced carbon storage capacity. These low-carbon
areas often indicate declining mangrove health or
productivity, leading to lower carbon sequestration
potential.

The lowest carbon class recorded a value of 2.49505
x 107° tons per hectare (0.00000249505 tons per hectare),
highlighting extremely minimal carbon storage capacity
in specific mangrove regions. This category may include
areas where the ecosystem is severely degraded or
significantly affected by external factors, resulting in a
limited ability to store carbon effectively.
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Figure 7 clearly visualizes the contrast between low
and the lowest carbon classes, offering essential insights
into the carbon storage capacity of Banda Aceh’s
mangrove forests. This information serves as a critical
reference for future conservation efforts and mangrove
ecosystem restoration strategies.

Stored Carbon Stock Value

Mangroves are vital ecosystems that play a crucial
role in carbon storage and climate change mitigation.
The economic value of carbon stock in the Kuta Alam
mangrove area is Rp 470,622,878, demonstrating the
area's significant contribution to total carbon stock
valuation.

Meanwhile, the Kutaraja mangrove area recorded
the highest economic carbon stock value, amounting to
Rp 1,080,980,993. This indicates that Kutaraja's
mangrove ecosystem holds the largest carbon storage
potential, further emphasizing its importance in carbon
sequestration and environmental sustainability (Figure
8).

Economic Value (Rp) of Carbon Stock in Mangrove area

1.080.980.993

470.622.878 ‘

295.801.328

KUTA ALAM KUTARAJA MEURAXA SYIAH KUA

Figure 8. Economic value of mangrove carbon stock reserves

Economic Value of Mangrove Carbon Stock

This value reflects the significant economic
potential of carbon stock in Kutaraja, indicating its high
carbon storage capacity. In Meuraxa, the economic value
of carbon stock is recorded at Rp 552,621,247,
demonstrating a substantial contribution to the total
carbon stock value, although not as high as Kutaraja.
Meanwhile, Syiah Kuala has the lowest economic carbon
stock value among the analyzed areas, amounting to Rp
295,801,328. Despite being lower compared to other
areas, this value still highlights the importance of Syiah
Kuala in carbon storage efforts.

The total economic value of carbon stock across the
four mangrove areas amounts to Rp 2,400,026,446. This
comprehensive valuation provides an overview of the
economic potential of stored carbon in the analyzed
mangrove ecosystems. The data is crucial for mangrove
conservation planning and management, emphasizing
the significant economic benefits of these ecosystems
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and reinforcing the importance of conservation efforts to
maintain and enhance their carbon storage capacity.

Conclusion

For the lowest carbon class, the measured value is
2.49505 x 107° tons per hectare (0.00000249505 tons per
hectare), indicating very low carbon storage capacity in
certain mangrove areas. Meanwhile, the total economic
value of carbon stock across the four mangrove areas is

Rp 2,400,026,446, wunderscoring the economic
significance of mangrove ecosystems in carbon
sequestration.
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