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Abstract. Karang IWGA, Nuarsa IW, Hendrawan IG, Dewi NMNBS, Yasa PK, Krisnanda IMD. 2024. Satellite remote sensing 
techniques for mapping and estimating mangrove carbon stocks in the small island of Gili Meno, West Nusa Tenggara, Indonesia. 
Biodiversitas 25: 3189-3200. Estimating mangrove carbon stocks is crucial for effective conservation and management but presents 
challenging, particularly on small islands. Satellite remote sensing offers a powerful tool for assessing mangrove ecosystems, though its 
application in small island environments remains underutilized. This study aims to explore and evaluate the effectiveness of satellite 
remote sensing techniques, specifically using Sentinel-2, for mapping and estimating mangrove carbon stocks on the small island of Gili 
Meno, West Nusa Tenggara, Indonesia. The Random Forest technique was employed to distinguish between mangrove and non-
mangrove areas by analyzing multiple parameters. Additionally, a semi-empirical method was used to evaluate and map the Above 

Ground Carbon (AGC) of mangroves, with general allometric equations applied to calculate AGC values. Six vegetation indices were 
assessed to develop a model for estimating mangrove AGC using linear regression equations. The accuracy of the model predictions was 
evaluated using the Root Mean Square Error. The study identified that the mangrove forest area in Gili Meno covers approximately 6.88 
ha. Notably, the research revealed that the IRECI model, with an R² value of 0.76 and RMSE of 17.14 ton/ha, was the most effective for 
AGC estimation when utilizing red edge bands. 

Keywords: Above ground carbon, Random Forest, Sentinel-2, small islands, vegetation indices 

Abbreviations: AGB: Above Ground Biomass, AGC: Above Ground Carbon, DBH: Diameter at Breast Height, GBH: Girth at Breast 
Height, GEE: Google Earth Engine, RF: Random Forest, RMSE: Root Mean Square Error  

INTRODUCTION 

Mangrove forests are essential to coastal communities 

and are among the world's most diverse ecosystems (Iqbal 

2020; Worthington et al. 2020). In recent years, the role of 

mangrove ecosystems in climate change mitigation and 

adaptation has gained considerable recognition (Dinilhuda 

et al. 2020). Mangroves not only provide essential 

ecological functions and ecosystem services but also play a 

vital role in carbon sequestration (Murdiyarso et al. 2015). 

An accurate estimation of mangrove carbon stocks is 

crucial for understanding their contribution to global 

carbon budgets and for implementing effective 
conservation and management strategies (Kristensen et al. 

2008; Saragi-Sasmito et al. 2018). However, obtaining 

precise and up-to-date carbon stock information for 

mangroves, particularly on small islands, presents a 

significant challenge. 

The challenges in conducting surveys and sampling in 

mangrove forests include the dense forest conditions that 

hinder accessibility and were influenced by periodic tidal 

fluctuations. Recent advancements in remote sensing 

technology have offered innovative solutions to these 

challenges, enabling more accurate and efficient 

assessments of mangrove ecosystems. Satellite remote 

sensing has emerged as a potent due to its capability to 

assess and monitor mangrove ecosystems across extensive 

spatial scales (Giri et al. 2011), enabling researchers to 

gather valuable information on mangrove extent, structure, 

and above-ground biomass. Various remote sensing 

techniques have been developed, including optical methods 

with different algorithms, each with its strengths and 

limitations (Zhang and Lin 2014). Numerous studies have 

employed remote sensing to map above ground carbon in 

mangroves (Wicaksono et al. 2016; Hickey et al. 2018; 

Pham et al. 2018; Bindu et al. 2020). However, it was 
crucial to understand the accuracy of these techniques 

when applied to mangroves with small area extents, as 

several issues in mangrove mapping involve the 

synchronization of field data with remote sensing 

approaches, requiring specific adjustments. 

Sentinel-2 mission fouses on high-resolution 

multispectral imaging for global land observation. Each 

satellite in this mission is equipped with a Multispectral 

Instrument (MSI) featuring a wide swath width of 290 km 

and a high revisit frequency. What sets Sentinel-2 MSI 

apart from other multispectral sensors is its ability to 
provide three spectral bands within the red-edge range, 

https://nomorkodepos.com/80361/
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making it particulary valuable for vegetation monitoring 

(She et al. 2020). Sentinel image analysis, using the 

Normalized Difference Vegetation Index (NDVI), Soil 

Adjusted Vegetation Index (SAVI), and Normalised 

Difference Water Index (NDWI), effectively identifies 

density of mangrove vegetation. The NDVI transformation 

highlights high-density classes, while the SAVI 

transformation emphasize very low-density class, and the 

NDWI transformation is dominated by low-density classes. 

An accuracy test conducted on these transformations 
yielded accuracy of 83.33% (Simarmata et al. 2021). 

Additionally, the Mangrove Vegetation Index (MVI) 

demonstrated an overall index accuracy of 92% using 

Sentinel-2 imagery (Baloloy 2020). 

Gili Meno, a small island located in Gili Indah Village, 

Pemenang Sub-district, North Lombok District, West Nusa 

Tenggara Province, Indonesia. Having coral reefs, seagrass 

beds, mangroves, and other marine life, the island holds 

significant potential for biodiversity research and marine 

tourism (Rahman and Hadi 2021). Gili Meno exhibits 

unique mangrove characteristics, with mangroves 
encircling a saltwater lake and grows alongside other 

tropical plants. These unique characteristics poses a 

challenge for remote sensing applications, particularly in 

assessing the accuracy of remote sensing techniques when 

applied to small mangroves areas. Identifying individual 

trees become difficult when their canopies are smaller than 

the image resolution, especially in mixed communities or 

dense areas where closely related species exhibit similar 

spectral reflectance (Maurya et al. 2021). 

This study aimed to explore and evaluate the 

effectiveness of satellite remote sensing techniques for 
mapping and estimating mangrove carbon stocks on the 

small island of Gili Meno. Given the unique characteristics 

of the mangrove ecosystems in this area, particularly the 

presence of mangrove encircled saltwater lake, 

understanding the accuracy of remote sensing applications 

becomes imperative. In summary, the study assessed the 

application of satellite remote sensing in mapping and 

estimating mangrove carbon stocks in Gili Meno, 

considering the unique characteristics of the mangrove 

ecosystems in this small island setting. The findings are 

expected to contribute valuable information for both 

scientific understanding and practical conservation efforts 

in mangrove-rich coastal areas. 

MATERIALS AND METHODS 

Study area 

This research was conducted in September 2023 at the 

Aquatic Tourism Park (ATP) in Gili Meno, West Nusa 

Tenggara Indonesia as shown in Figure 1. Geographically, 

Gili Meno is located between 8°20'-8°23'S latitude and 

116°00'-116°08'E longitude. The island covers an area of 

approximately 150 hectares and features a mangrove region 

located on the western side, along the coastline, 

surrounding a saltwater lake. The ecosystems within ATP 

Gili Meno consist of seagrass beds and mangrove forests, 
with a potential mangrove area of 1.81 hectares. This area 

is home to eight species of mangrove trees belonging to 

eight different families, including Bruguiera cylindrica, 

Sonneratia alba, Avicennia alba, Lumnitzera racemosa, 

Excoecaria agallocha, Pemphis acidula, Acrostichum 

aureum and Cynometra sp. Generally, the mangroves grow 

in clumps that are separated and mixed with coastal plants. 

The P. acidula (locally called centigi) is a type of 

mangrove that predominantly grows along the beach (KKP 

2020). 

 

 
 
Figure 1. Study area in Gili Meno, West Nusa Tenggara, Indonesia 
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Figure 2. The flowchart of the methodologies employed in the study for the mapping and computation of Aboveground Carbon (AGC) 

in mangrove 
 
 
 

Methods 

The methodological scheme used for estimating Above 

Ground Biomass model using Sentinel 2 imagery is 

presented in Figure 2.  

Field data collection 
This study was conducted at the Aquatic Tourism Park 

(ATP) in Gili Meno, West Nusa Tenggara, Indonesia. Field 

data collection was conducted from 8th to 10th September, 

2023, a period chosen for its dry weather conditions to 

avoid constraints posed by rain during field activities. A 

total of 10 field points were established, with seven points 

(70%) allocated for model construction and three points 

(30%) for model validation. The selection of these field 

points employed a random sampling method, tailored to the 

accessibility of each location. Each point was demarcated 

by plots measuring 10×10 m2 (Figure 3). The transect line 

employed in this study was adapted from Kauffman and 
Donato (2012), with shape modified from circular to square 

to better align with the pixel structure of remote sensing 

imagery. 

Mangrove measurements were conducted within 

predetermined field plots. For upright mangroves, it was 

assumed that the trees have a circular shape, and both the 

circumference and diameter were measured. The stem 

circumference was measured at breast height, defined as 

1.3 meters above the ground, which corresponds to the 

average height of an adult (Figure 4). This measurement is 

referred to as the Girth at Breast Height (GBH). To convert 
the GBH value to Diameter at Breast Height (DBH), a 

general formula for calculating the diameter from a circle’s 

circumference was applied using the equation DBH = 

GBH/π, where π is a constant value of 3.14. DBH 

measurements were carried out within the established plots, 

focusing specifically on tree stems with a diameter below 5 

cm and a height exceeding 1.5 m, as well as on tree stems 

with a diameter equal to or greater than 5 cm. 

Data processing 

Pre-processing 

The initial stage in satellite image processing involves 

pre-processing of the imagery. This research considered 

various key aspects, including the importing of image data, 

resampling, image subsetting, and selecting of a composite 

band. 

Processing 

The Sentinel-2 image data used in this study were 

obtained from the Google Earth Engine (GEE) collection 

datasets and processed using JavaScript programming 

within the GEE environment. The data spanned from 1st 
September to 30th September, 2023, focusing on Sentinel-2 

Level-2A imagery with atmospherically corrected Surface 

Reflectance (SR) and less than 20% cloud cover. This 

selection criteria ensured the creation of a composite image 

free from clouds over the entire study area and its 

surrounding regions. Cloud masking was performed using a 

combination of the Quality Assessment (QA) band and the 

median reducer function available in GEE. The QA band 

was employed to remove cloud contamination within each 

image, while the median reducer function enabled the 

extraction of the mean pixel value across the entire image 
stack, resulting in an image devoid of overly bright (e.g., 

clouds) or dark (e.g., shadows) pixel values. 
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Figure 3. Illustration of plot layout for field measurement 
 

 

 
 

Figure 4. Mangrove DBH measurement technique 
 

 
 

The classification of mangrove and non-mangrove was 

conducted using the Random Forest (RF) classification 

method on the GEE platform. This approach divided the 
study area into two distinct land covers, based on visual 

interpretations of false-color images, utilizing bands such 

as Near-Infrared (NIR), Short-Wave Infrared (SWIR), and 

Red. The RF algorithm, known for its effectiveness in 

classification and regression tasks (Akhiat et al. 2021), was 

selected for this study. It achieves robustness by combining 

predictions from multiple decision trees, each trained on 

different data subsets. The RF algorithm’s ability to 

estimate the relative importance of each input feature, 

facilitated feature selection and enhanced understanding of 

the underlying factors influencing outcomes. 

Calculation of vegetation indices 

Six vegetation indices, were used to develop the 

estimation model for above-ground mangrove carbon stock 

(Table 1). These indices include NDVI, Modified Red 

Edge-Simple Ratio (mRE-SR), Total Ratio Vegetation 

Index (TRVI), Inverted Red-edge Chlorophyll Index 

(IRECI), Red-edge Chlorophyll Index (CIR), and 
Optimized Soil Adjusted Vegetation Index (OSAVI). 

Above ground biomass and above ground carbon 

The estimation of mangrove carbon was based on 

Above Ground Biomass (AGB) values. Before determining 

the Above Ground Carbon (AGC) values, the AGB of 

mangroves was calculated for each species encountered 

using a general allometric equation specifically tailored for 

Asian mangroves, ensuring its applicability in Indonesia. 

Allometric equations are crucial for estimating mangrove 

biomass based on the Diameter at Breast Height (DBH) 

parameter (Kumar and Mutanga 2017). The general 
mangrove allometric equation employed in this study is 

expressed as Wtop = 0.251×p×DBH2.46 (Komiyama et al. 

2005) where p = wood density (Table 2).  

 

 
Table 1. Equations for the vegetation indices used in development of the above-ground mangrove carbon stock model 

 

Vegetation indices Equations Sources 

NDVI (Normalized Difference Vegetation Index) 

 

Rouse et al. (1973) 
Ramdani et al. (2018) 

mRE-SR (Modified Red Edge – Simple Ratio) 

 

Zhu et al. (2017) 
Wahyuni et al. (2024) 

TRVI (Total Ratio Vegetation Index) 

 

Fadaei et al. (2012) 
As-syakur et al. (2023) 

 

IRECI (Inverted Red-edge Chlorophyll Index) 

 

Blackburn (1998) 
Alam et al. (2017) 

CIR (Red-edge Chlorophyll Index) 

 

Gitelson et al. (2003) 
Zheng et al. (2018) 

OSAVI (Optimized Soil Adjusted Vegetation Index) 

 

Rondeaux et al. (1996) 
Liu et al. (2020) 
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Table 2. Wood density of some mangrove species 
 

Mangrove species Wood density (g/cm3) 

Avicennia marina 0.7316 
Bruguiera cylindrica 0.8100 
Lumnitzera racemosa 0.8325 
Rhizophora apiculata 0.8814 

Source: World Agroforestry Center (2022) 

 
 

The AGC was derived from AGB based on the 

guidelines outlined in the Indonesian National Standard 

(2011) 7724:2011, which states that 47% of the biomass 
consists of carbon. The calculation of AGC followed the 

approach proposed by Fourqurean et al. (2019), using the 

equation:  

 
𝐴𝐺𝐶=𝐴𝐺𝐵×0.47 

Data analysis 

Simple linear regression 

Simple Linear Regression (SLR) analysis was used to 

build a linear model for estimating AGC in mangroves. The 

regression coefficient measured the magnitude of the effect 
of vegetation index (X) value on the dependent variable 

(Y), which is the ground truth carbon value, within the 

linear regression equation model. The regression equation 

is represented as follows: 

 

  

 

 
 

 
 

Where, X represents the vegetation index value, Y 

represents the ground truth carbon value,  is a constant, b 

is the regression coefficient, and n represents the number of 
data points. 

Model validation 

Validation tests were conducted to assess discrepancies 

in the estimated carbon stock values in mangroves derived 

from the constructed regression models. The model 

validation involved comparing the diameter values 

obtained from field plots with those linear model equation 

applied to the Sentinel 2-A image for each vegetation 

index. The accuracy of the model was evaluated using Root 

Mean Square Error (RSME), while the coefficient of 

determination (R2) served as a metric for assessing the 

model’s accuracy. The field data were used to validate the 

AGC outcomes generated by the model, with error values 

calculated using the RMSE, as shown in the following 
equation: 

 

 

RESULTS AND DISCUSSION 

Mangrove species identification  

Based on observational data, mangroves in Gili Meno 

were identified as belonging to three families: 

Acanthaceae, Combretaceae, and Rhizophoraceae, 

comprising four species. The order of mangrove species 

from most to least common was Avicenia marina > B. 

cylindrica > L. racemosa > Rhizophora apiculata (Figure 

5). Avicennia marina, the most frequently found species in 

Gili Meno, is known for its adaptibility to saline and 
muddy environmental conditions. The substrate in every 

research plot was observed to be muddy. The DBH size 

varied, ranging from 1.3 cm (A. marina) to 28.3 cm (A. 

marina). The A. marina, the dominant species, had the 

highest average DBH at 8.8 cm. 

Image classification and extraction of mangrove forests 

Figure 6 presents the results of image pre-processing, 

including sub-setting and creating a composite image. The 

composite image was used to differentiate between 

mangrove and non-mangrove areas, utilizing a false-color 

RGB composite (NIR, SWIR, Red) image. Based on the 

composite image results, mangrove objects and natural 
vegetation exhibited similar colors and were found in close 

proximity to each other. Mangroves were identified by 

their bright red color, while regular vegetation appeared a 

slightly darker red. 

 

 

 
Avicennia marina Lumnitzera racemosa Bruguiera cylindrica Rhizophora apiculata 

 

Figure 5. Four mangrove species in Gili Meno, West Nusa Tenggara, Indonesia 
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Figure 6. Sentinel-2 composite RGB false colour (NIR, SWIR, 
Red) 
 

 
 
Figure 7. The mangrove area in Gili Meno, West Nusa Tenggara, 
Indonesia, is classified using RF methods 

 
 

The mangrove area within the research site on Gili 

Meno was estimated to be approximately 6.88 hectares 

(Figure 7). The Random Forest (RF) method was employed 
to classify mangrove and non-mangrove areas using 

various parameters, resulting in high accuracy, with an 

Overall Accuracy (OA) of 0.91 and a kappa coefficient 

value of 0.9. The classification results derived from 

Sentinel-2 imagery showed significant agreement with the 

field data, as reflected in the kappa coefficient (Dan et al. 

2016). The high classification accuracy can be attributed to 

several factors, including the use of limited classes 

(mangrove and non-mangrove), uniform sample point 

determination (Dong et al. 2020), and careful consideration 

of tidal duration, and cloud cover percentage (Dong et al. 

2020). Additionally, including multiple parameters that are 
highly sensitivity to mangrove forest detection in the RF 

classification process has been demonstrated to enhance 

classification accuracy. 

Above ground carbon 

Ground truth data collected on 9th September, 2023, in 

Gili Meno revealed that point 7 had the highest AGC value, 

at 190.40 tons per hectare, while point 1 recorded the 

lowest AGC value of 41.20 tons per hectare (Table 3). The 

average AGC across the 10 plots was calculated to be 

103.16 tons per hectare. The AGC estimation model was 

developed based on the assumption that AGB is closely 
associated with tree diameter (DBH) and wood density. 

AGB significantly influenced the amount of AGC stored 

within each tree, demonstrating a positive correlation 

between biomass increment and carbon accumulation 

(Purnamasari et al. 2021). 

The dominant species in the study area were identified 

as A. marina, which coincidentally exhibited the highest 

AGC values at the dominant sample points. The carbon 

stock within mangrove stands was notably influenced by 

variables such as DBH, canopy cover and biomass density 
(Suwa et al. 2021) 

Relationship between observed AGC and Sentinel-2 

derived vegetation indices  

The relationship between field-observed AGC and 

several vegetation indices is depicted in Figure 8. The 

selected vegetation indices were based on the red edge and 

Near-Infrared (NIR) bands, known for their sensitivity in 

vegetation detection (Nguy-Robertson et al. 2014; Imran et 

al. 2020). Among the examined vegetation indices, the 

IRECI index demonstrated the highest performance, with 

an R2 value of 0.76 and an associated error of 17.14 tons 

per hectare. Importantly, all the vegetation indices were 
able to explaining a significant portion of the data variance, 

with R2 values exceeding 0.70 (Table 4). 
 

 

Table 3. Results of biomass and carbon stock calculation in Gili 
Meno, West Nusa Tenggara, Indonesia 
 

Sample 

point 
AGB (ton/ha) AGC (ton/ha) Dominant spesies 

1 87.72 41.23 A. marina 
2 199.14 93.59 A. marina 

3 270.72 127.24 A. marina 
4 149.76 70.39 A. marina 
5 125.77 59.11 A. marina 
6 299.26 140.65 A. marina 
7 405.12 190.40 A. marina 
8 170.71 80.23 A. marina 
9 264.26 124.20 A. marina 
10 222.52 104.58 A. marina 
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In this research, the model was constructed by 

vegetation indices to minimize prediction error. The 

selection of vegetation indices was based on those 

incorporating red edge bands as well as those that excluded 

them. Figure 9 illustrates the linear regression between 

observed carbon and the selected vegetation indices. 

Relationship between ground truth AGC and spectral 

reflectance 

The relationship between Sentinel-2 multispectral bands 

and AGC ground truth is presented in Table 5. The Red 
edge 2, Red edge 3, and NIR bands showed a strong 

correlation with AGC, with R² values of 0.59, 0.60, and 

0.66, respectively, and error prediction values of 24.30, 

23.21, and 30.50. These findings indicate that these bands 

significantly contribute to explaining data variation. 

Conversely, the blue, red, and SWIR bands exhibited a 

weak relationship with AGC, while the Green and Red 

edge 1 bands have a very weak correlation. 

Mangrove carbon predictive mapping 

The model that employed the most optimal algorithm, 

characterized by the highest R2 value and lowest standard 

error and RMSE, was utilized to estimate and map AGC 

values across the research area. The equation representing 

the model with the superior algorithm is displayed below. 

  
 

Figure 11 illustrates the spatial distribution of AGC 

estimated using the IRECI index. The accuracy evaluation 

of the Sentinel-2-based AGC prediction maps showed that 

the prediction error (RMSE) value for IRECI ranged from 

17.14 ton/ha. The coefficient of agreement (r) and 

coefficient of determination (R2) between the measured and 

predicted carbon were calculated at 0.87 and 0.76, 
respectively, for IRECI. The predicted AGC based on the 

best indices indicates that mangrove in Gili Meno has an 

average AGC value of 99.85 ton/ha, leading to an 

estimated total AGC in Gili Meno of 687.96 ton. 

 

 
 
Table 4. Correlation of AGC and vegetation indices 
 

Indices r R2 RMSE (±ton/ha) 
Standard 

Error 

NDVI 0.85 0.73 26.06 29.89 
mRE-SR 0.84 0.71 31.09 31.02 
TRVI 0.87 0.76 26.00 27.96 
IRECI 0.87 0.76 17.14 28.07 
CIR 0.84 0.71 11.98 30.97 
OSAVI 0.86 0.73 21.04 29.81 

 

 
 

 

 
Table 5. Correlation of ground truth AGC with spectral 
reflectance 
 

Indices r R2 RMSE (±Ton/Ha) 
Standard 

Error 

Blue 0.60 0.35 42.10 46.20 
Green 0.13 0.02 16.21 57.00 
Red 0.56 0.31 43.04 47.68 
Red edge 1 0.25 0.06 25.17 55.75 
Red edge 2 0.77 0.59 24.30 36.99 
Red edge 3 0.77 0.60 23.21 36.43 
NIR 0.81 0.66 30.50 33.70 

SWIR 0.60 0.36 18.30 46.15 

 
 
 

 
 
Figure 8. Relationship between observed AGC and Sentinel-2 derived vegetation indices. Plots were organized based on carbon levels, 
ranging from nil to high 
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Figure 9. Linear regression of observed carbon and vegetation indices 
 
 
 

 
 
Figure 10. Evidence of spot logging in the mangrove areas of Gili Meno, West Nusa Tenggara, Indonesia 
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Figure 11. Carbon prediction (ton/ha) using the best correlation 
equation result in Gili Meno, West Nusa Tenggara, Indonesia 
 

 

Discussion 
Mangroves on Gili Meno Island are currently facing 

significant challenges, primarily driven by the rapid 

expansion of the tourism sector. Construction activities 

near the mangrove areas have led to the substantial loss of 

mangroves due to logging (Figure 10). Additionally, the 

mangrove ecosystems in Gili Meno are highly vulnerable 

to waste accumulation, which is attributed to the proximity 

of anthropogenic activities to these areas. The presence of 

debris around the mangrove areas suggests a high potential 

for pollution from human activities. This study also 

assessed the substrate conditions within the mangrove area, 

particularly in the designated research plots. Observations 
revealed that the substrate in these plots is predominantly 

composed of sandy mud. 

The mangrove species found on Gili Meno Island 

belong to the families Acanthaceae, Combretaceae, and 

Rhizophoraceae, comprising of four species: A. marina, L. 

racemosa, B. cylindrica, and R. apiculata. The A. marina 

was the most frequently observed species at Gili Meno, 

known for its remarkable adaptability to saline and muddy 

environments. This adaptability is largely due to its unique 

pneumatophore root structure, resembling nails or pencils, 

which also aids in reducing coastal abrasion. The A. marina 
has a high tolerance for extreme conditions, including high 

salinity levels and muddy substrates. Its broad salinity 

tolerance allows it to thrive in environments with salinity 

levels as high as 90% (Suwanto et al. 2021). Muddy 

substrates, which are prevalent in Indonesia provide ideal 

conditions for growth of Avicennia and Rhizophora 

mangrove stands. Furthermore, the proximity of mangrove 

areas to saltwater lake on Gili Meno creates an optimal 

environment for A. marina to flourish. As noted by 

Chowdhury et al. (2022), A. marina is a salt-tolerant 

species that rapidly establishes itself in muddy coastal 

regions. 

According to Figure 6, mangroves are depicted in bright 

red color within the imagery, a coloration that arises from 

their relatively high reflectance values in the Near-Infrared 

(NIR), Short-Wave Infrared (SWIR), and red bands, 

distinguishing them from other objects. This distinction is 

attributed to the sensitivity of NIR and red bands to 

vegetation greenness, as highlighted by Wang et al. (2018). 

Additionally, Sadeghi et al. (2015), emphasized that SWIR 
bands serve as sensitive indicators of soil moisture levels, a 

crucial factor in mangrove habitats influenced by tidal 

dynamics.  

Based on Figure 7, the mangrove area in Gili Meno was 

detected to be around 6.88 ha. This represents a reduction 

of 5.02 hectares compared to 11.9 ha reported by Rahman 

and Hadi (2021), highlighting a potential decline due to 

anthropogenic activities. However, accurate and extensive 

information on the area of mangrove vegetation in Gili 

Meno remains limited. 

Referring to Table 3, the highest AGC value was 
recorded at point 7, amounting to 190.40 ton/ha, while the 

lowest was at point 1, with a value of 41.23 ton/ha. The 

average AGC across 10 points was 103.16 ton/ha. For 

comparison, Suardana et al. (2023) found an average AGC 

of 82.97 tons/ha in Benoa Bay, Bali, while Rijal et al. 

(2023) reported an average AGC of 57.16 ton/ha in Loh 

Buaya, Komodo National Park. In contrast, Hoa et al. 

(2023) documented an AGC of 344.97 ton/ha in mangroves 

in Tien Yen District, Quang Ninh Province, and Aye et al. 

(2023) reported an average AGC of 100.34±50.70 Mg C 

ha−1 in the mangroves of Ayeyarwady Region, Myanmar. 
Comparatively, Wicaksono et al. (2016) found an average 

AGC of 21.64 ton/ha on the island of Karimun Jawa, which 

is notably lower than the findings of current study. The 

variations in AGC values are directly influenced by the 

mangrove biomass within each plot. Biomass represents a 

primary form of carbon storage, derived from the process 

of photosynthesis. A positive correlation exists between 

trunk diameter and biomass, where a greater DBH signifies 

an older tree with higher carbon reserves (Purnamasari et 

al. 2020). In this study, DBH values ranged from 1.3 cm to 

28.3 cm, with the highest average DBH found in the 

dominant species, A. marina, at 8.8 cm. Similarly, 
Suardana et al. (2023) revealed that the highest AGC value, 

reaching 175.77 ton/ha, was observed in plots dominated 

by the Rhizophora mucronata, a species characterized by a 

substantial average DBH of 28.85 cm.  

Based on Figure 8, the IRECI index exhibited the 

strongest correlation with an R2 value of 0.76 (Table 4). 

The red edge band is particularly sensitive to various 

biophysical parameters of vegetation, making highly 

effective in detecting vegetation index values, as 

demonstrated by Zhu et al. (2017). Its presence in Sentinel-

2 imagery allows for the detailed assessment of vegetation 
health, as noted by Goswami et al. (2021). Vegetation with 

high chlorophyll content absorbs more energy within the 

670-760 nm spectrum, a phenomenon explained by Curran 

et al. (1995). Positioned between the red and NIR bands in 

the electromagnetic spectrum, the red edge represents a 
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critical spectral region characterized by a rapid change in 

vegetation reflectance (Suardana et al. 2023). In this study, 

the vegetation indices such as mRE-SR and CIR also 

utilize the red edge band, but exhibit slightly lower R² 

values, with 0.71 for both, compared to IRECI. However, 

these indices still demonstrate a good relationship with 

AGC. The variation in R² values is likely due to differences 

in how the red edge is utilized within each index. For 

example, IRECI, employs the red edge 2 and NIR bands, 

which individually achieved R² values of 0.59 for red edge 
2 and 0.60 for NIR, the highest among all other bands. This 

suggests that the red edge 2 and NIR bands play a 

significant role in influencing in mangrove carbon 

estimation. Moreover, vegetation indices like NDVI, TRVI, 

and OSAVI, which are constructed using combinations of 

the NIR and red bands, also showed strong R² values of 

0.73, 0.76, and 0.73, respectively. Vegetation indices that 

incorporate green, red, red-edge, and NIR channels are 

particularly sensitive to plant chlorophyll content 

(Daughtry et al. 2000; Haboudane et al. 2002). Wicaksono 

et al. (2016) found that the DVI vegetation index, due to its 
simple formula and reliance on the NIR band, is highly 

effective for above ground carbon stock mapping. 

Similarly, Zhou et al. (2020) found that vegetation indices 

derived from the combination of red and NIR band 

accurately estimating leaf chlorophyll content. The red 

spectral band effectively captures chlorophyll, while the 

NIR band exhibits significant reflectivity, contributing to 

the strong performance of these indices (Suardana et al. 

2022). 

 According to Table 5, the green band and red edge 1 

band were the only ones that did not exhibit a significant 
relationship with AGC. The blue, red, and SWIR bands 

demonstrated relatively weak correlations with AGC. In 

contrast, the red edge 2, red edge 3, and NIR bands showed 

strong correlations with AGC, with commendable R2 

values and relatively low RMSE values, indicating their 

significant role in explaining variation in AGC. However, 

band 3 and red edge 1 had very low R2 values, suggesting 

they were ineffective in this study's model. The decision to 

use vegetation indices derived from the red edge and NIR 

bands was informed by their effectiveness in vegetation 

detection, as noted by Nguy-Robertson et al. (2014) and 

Imran et al. (2020). Differentiating vegetation indices into 
those incorporating the red edge band and those that do not 

provide alternative for estimating AGC using optical 

satellite images that lack red edge bands (e.g., Landsat, 

SPOT, Planet Scope). However, incorporating the red edge 

band into AGC estimation shows promise for achieving 

enhanced results. As emphasized by Sibanda et al. (2015) 

and Dube et al. (2018), the red edge and NIR bands have 

robust correlations with biomass, making them 

foundational for AGC calculations. Looking ahead, 

expanding the application of the red edge band to all 

optical satellite images could drive further advancements in 
AGC estimation. 

The model developed in this study, based on IRECI 

index derived from the Sentinel-2 imagery, demonstrated 

significant accuracy in predicting Above Ground Ccarbon 

(AGC). The model’s predicted and observed AGC values 

produced an R2 value of 0.76, with a prediction error of 

17.14 tons per hectare. These findings show an 

improvement in accuracy compared to previous studies, 

such as Wicaksono et al. (2016), who reported an R2 value 

of 0.69 using multispectral imagery in Karimun Jawa, 

Indonesia, and Hidayah et al. (2024), who reported an R2 

value of 0.63 using Sentinel-1 SAR data in Bali, Indonesia. 

However, the R² value achieved in this study is lower than 

that reported by Hati et al. (2024), who obtained an R2 
value of 0.97 using ALOS PALSAR-2 images in India, 

Candra et al. (2016), who achieved R2 value of 0.85 using 

WorldView-2 image data in Bali, Indonesia, and Mariano 

et al. (2024), who reported R2 value of 0.90 using Landsat-

8 in Brazil. This difference in R2 values may be attributed 

to the variations in imagery and the limited coverage of 

mangrove areas in some data collection plots of this study, 

which resulted in insufficient pixel representation in the 

Sentinel-2 imagery (see Figure 12). The unique 

environment of mangrove habitat in Gili Meno, surrounded 

by land and interspersed with other tropical vegetation 
encircling a saltwater lake, may also contribute to the 

suboptimal R² values observed in this study. Additionally, 

the limited sample size may have further affected the R² 

values. Despite these limitations, Sentinel-2 data proved 

effective in predicting mangrove carbon content in small 

areas. To improve accuracy, future research should aim to 

expand the dataset and consider using a combination of red 

edge bands, which are known for their sensitivity in 

detecting vegetation density.  
 
 
 

 
 
Figure 12. Some points of Gili Meno, West Nusa Tenggara, 
Indonesia, mangrove area in sentinel pixel 
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In conclusion, the mangroves in Gili Meno face 

significant challenges due to rapid tourism development 

and waste accumulation, which have led to a considerable 

decline in their extent and health. This study found A. 

marina to be the predominant species in the area, 

demonstrating remarkable adaptability to the saline and 

muddy conditions of Gili Meno. The assessment revealed 

variations in Above Ground Carbon (AGC) values, with an 

average of 103.16 ton/ha. The IRECI index, utilizing red 

edge and NIR bands, was found to be the most accurate in 
predicting AGC, with an R² value of 0.76. Despite the 

environmental complexity and small sample size, Sentinel-

2 data has shown promise in effectively estimating 

mangrove carbon content. Expanding data collection and 

exploring combined use of red edge bands needs to be 

further explored for enhancing prediction accuracy, 

contributing to better mangrove conservation and 

management strategies. 
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