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Abstract: Mangrove ecosystems are increasingly threatened by climate change and land-use conversion, highlighting the need
for accurate and scalable health monitoring tools. This study addresses this challenge by integrating machine learning (ML)
techniques with multispectral data from Sentinel-2 imagery to develop a Mangrove Health Index (MHI). The methodology
includes preprocessing satellite imagery, extracting spectral characteristics of mangrove vegetation, and validating results with
ground-truth data from field surveys. Three ML models—support vector regression (SVR), random forest regression (RFR), and
k-nearest neighbor (k-NN)—are evaluated. Among them, the RFR model demonstrates the highest accuracy, achieving a root
mean square error (RMSE) of 6.00, a mean absolute error (MAE) of 4.73, and a coefficient of determination (R2) of 0.82. These
findings support the use of ML methods combined with medium-resolution satellite imagery to enable scalable, precise
assessments of mangrove health, offering valuable tools for environmental monitoring and conservation planning.

Keywords: Mangrove; Mangrove Health Index; machine learning; Sentinel-2

I. INTRODUCTION
Mangrove forests represent a vital component of tropical and sub-
tropical coastal ecosystems, occupying approximately 14.7 million
hectares globally [1]. More than one-third of the world’s mangrove
forests are located in Southeast Asia [2,3], where over 46 mangrove
species have been identified [3]. Despite their limited spatial extent,
these ecosystems deliver critical ecological functions, including
nutrient filtration, shoreline stabilization, and carbon sequestration,
with an estimated economic value exceedingUS$194,000 per hectare
annually [4,5]. However, mangrove cover has declined significantly
over recent decades due to land-use change, rising sea levels, elevated
temperatures, and shifts in rainfall patterns [1,6]. In Indonesia, this
degradation has resulted in not only a reduction in forest extent but
also a measurable decline in ecosystem health [7].

Monitoring mangrove health is therefore essential for conser-
vation planning and climate change mitigation. The Mangrove
Health Index (MHI) provides a reliable, standardized indicator for
assessing mangrove ecosystem condition using measurable field
parameters such as canopy coverage, stem diameter, and sapling
density [8]. Remote sensing and GIS techniques have demonstrated
effectiveness in mapping and analyzing mangrove distribution
across large spatial extents [9,10]. Medium-resolution satellite

data from Landsat 8 and Sentinel-2 have proven particularly useful
for identifying mangrove distribution and health status at regional
scales [9]. Spectral indices derived from these sensors including
the Normalized Difference Vegetation Index (NDVI), Normalized
Burn Ratio (NBR), Enhanced Vegetation Index (EVI), Atmospher-
ically Resistant Vegetation Index (ARVI), and Modified Red
Edge-Simple Ratio (mRe-SR) have shown strong sensitivity to
vegetation condition and canopy structure, making them valuable
predictors for mangrove health modeling [11,12].

Machine learning (ML) algorithms have been increasingly
integrated with satellite-derived spectral indices to improve vegeta-
tion health assessments. Random forest regression (RFR), support
vector regression (SVR), and artificial neural network regression
(ANNR) were applied to WorldView-2 imagery to estimate the leaf
area index (LAI) of mangroves, with RFR achieving the lowest root
mean square error (RMSE) of 0.45 [13]. While this study demon-
strated the potential of combining spectral indices with ML, it relied
on high-resolution commercial imagery and focused on a single
biophysical parameter. These constraints limit its scalability for
broader, operational ecosystem health monitoring.

Previous MHI studies primarily rely on field surveys or simple
optical indices without integratingML frameworks, which constrains
their ability to generalize across large and heterogeneous coastal areas
[8,14]. Moreover, systematic comparisons of multiple ML regression
models using freely available medium-resolution imagery remain
limited in the literature. These gaps highlight the need for a scalable,Corresponding author: Nurdin Sulistiyono (e-mail: nurdinsulistyono@usu.ac.id).
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data-driven approach that produces spatially continuous and ecolog-
ically meaningful mangrove health assessments.

This study addresses these limitations by developing a robust
MHI prediction framework for Belawan District, North Sumatra.
It integrates Sentinel-2 multispectral imagery with three ML
algorithms SVR, RFR, and k-nearest neighbor (k-NN) using
multiple spectral indices as predictors. Model performance is
validated against ground-truth ecological measurements through
K-fold cross-validation. The specific contributions of this study
are: (1) demonstrating the effectiveness of freely available
medium-resolution imagery for operational MHI mapping; (2) pro-
viding a comparative evaluation of three ML regression algorithms
under a rigorous cross-validation framework; and (3) producing a
spatially explicit MHI distribution map applicable to conservation
and restoration planning in Belawan District.

II. METHOD
A. STUDY AREA

The specific research site chosen to assess the MHI is the natural
mangrove environment located in the Belawan District of Medan,
within the North Sumatra Province, as depicted in Fig. 1. The
investigation took place between June and November 2023.

B. METHODS

The analysis of the MHI involves a multi-stage approach compris-
ing data collection, satellite image preprocessing, spectral index

extraction, ML modeling, and model evaluation. Figure 2 illus-
trates the overall methodological workflow.

1). DATA COLLECTION. Data acquisition follows a two-stage
approach, integrating Sentinel-2 satellite imagery with ground-
truth field measurements. Sentinel-2 data were obtained from the
Copernicus Open Access Hub https://dataspace.copernicus.eu/.
Subsequent ground-truthing involved careful data collection to
validate algorithms used in estimating key ecological parameters,
including diameter, canopy cover, and sapling density per unit area.
These datasets were then used to calculate the MHI, which served
as a critical component for field validation of the algorithmic
estimates.

a. Sentinel-2 Imagery Acquisition and Preprocessing
Sentinel-2 imagery acquired on July 25, 2023 is used in this
study. The acquisition date is selected to closely align with
the field data collection period. The imagery is obtained at
Level-2A processing level from the Copernicus Open Access
Hub (https://dataspace.copernicus.eu/), which provides sur-
face reflectance data with atmospheric correction already
applied using the Sen2Cor algorithm. Cloud masking is
subsequently performed to eliminate pixels contaminated
by cloud cover, ensuring data quality across the study area.
It is acknowledged that tidal conditions were not explicitly
controlled during image acquisition. However, the selected
image date corresponds to the dry season, which typically
exhibits more stable and lower tidal fluctuations in the
Belawan coastal area, minimizing potential tidal influence
on spectral values.

Fig. 1. Study area in Belawan District, North Sumatra, Indonesia.
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b. Spectral Index Extraction
Following preprocessing, five spectral indices are derived
from the corrected Sentinel-2 bands to serve as predictor
variables for MHI estimation. These indices are selected
based on their established sensitivity to vegetation condition
and canopy structure in mangrove ecosystems [11,12]. The
indices computed are as follows:

1. NDVI (Normalized Difference Vegetation Index):
captures overall vegetation greenness and density.

2. NBR (Normalized Burn Ratio): sensitive to vegetation
stress and canopy disturbance.

3. EVI (Enhanced Vegetation Index): reduces atmospheric
and soil background influences compared to NDVI.

4. ARVI (Atmospherically Resistant Vegetation Index):
minimizes residual atmospheric effects using blue
band correction [14].

5. mRe-SR (Modified Red Edge-Simple Ratio): exploits the
red-edge band to improve sensitivity to canopy chloro-
phyll content.

c. Ground Data Collection
A comprehensive field survey is conducted across 218 sample
plots, each measuring 10 × 10 meters. The plots are

strategically distributed across the study area and grouped
by plant type and canopy density to ensure representation of a
wide range of ecological conditions. Three ecological param-
eters are measured in each plot: stem diameter (measured
using a diameter tape), canopy cover percentage, and sapling
density per unit area. These parameters are subsequently used
to calculate the MHI as the response variable for model
training and validation.

2). MANGROVE HEALTH INDEX (MHI). MHI is defined as a
measure that shows, defines, or reflects the health of mangrove
forest ecosystems. The health of the mangrove community in
Indonesia is evaluated using three key components: natural com-
munity metrics, environmental variables, and regeneration. Spe-
cific characteristics include substrate type, tree density, canopy
coverage, and diameter. The MHI is computed as a percentage by
combining canopy coverage, stem diameter, and stakes per area
scores. The formula for calculating the MHI is as follows [8].

MHIð%Þ =
�
SC þ SD þ SNsp

3

�
× 10 (1)

where
S= score
C= canopy cover percentage (%)

Fig. 2. The flow chart for the estimation of mangrove health using machine learning.
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D= stem diameter (stake + trees) (cm)
Nsp= number of stakes per area
The formula for calculating the score of each component is

given as:
SC= 0.25 ×C-13.06; however, if C< 0, then S_C = 0 and if

C> 10, then S_C= 10
SD= 0.45 ×D+ 1.42; however, if D< 0, then S_D= 0 and if

D> 10, then S_D= 10
SNsp= 0.13 ×Nsp+ 4.1; however, if Nsp< 0, then S_Nsp= 0

and if S_Nsp> 10, then S_Nsp= 10

3). K-FOLD CROSS-VALIDATION. K-fold cross-validation is
applied to evaluate model performance on the complete dataset.
The dataset is partitioned into K subsets (folds). In each iteration,
K-1 folds serve as training data and the remaining fold serves as
testing data. This process is repeated K times so that every fold is

used once for testing. In this study, K is set to 5, providing a robust
and unbiased estimate of model generalization performance
[15,16] as illustrated in Fig. 3.

4). SUPPORT VECTOR REGRESSION (SVR). SVR is a super-
vised learning algorithm derived from support vector machine
(SVM) theory [17]. It estimates a continuous function by fitting
an optimal hyperplane that approximates the relationship between
input predictors and the target variable within a defined margin of
tolerance (ε) [18,19]. In this study, SVR is implemented using the
radial basis function (RBF) kernel via the svmRadial method in the
caret package in R. Predictor variables are standardized through
centering and scaling prior to model fitting. Hyperparameter
optimization is performed using grid search over two parameters:
the kernel width parameter (sigma, ranging from 0.1 to 1.0 with a
step of 0.1) and the regularization parameter (C, ranging from 0.1 to
1.0 with a step of 0.1), resulting in 100 candidate combinations.
The optimal parameter combination is selected based on the lowest
cross-validated RMSE across 5-fold cross-validation.

5). K-NEAREST NEIGHBOR (KNN). The k-NN is a nonparamet-
ric method and the simplest ML algorithm used for both classifi-
cation and regression [20]. It estimates the target value of a new
observation based on the values of its k closest training samples in
feature space. The algorithm has been widely applied for estimating
forest attributes from remote sensing data [21–24]. In this study,
k-NN is implemented using the caret package in R, with predictor
variables standardized through centering and scaling. The number
of neighbors (k) is optimized through grid search over values

Fig. 3. Dividing data with K-fold cross-validation.

Fig. 4. Spatial distribution of sample plots and MHI calculations based on categories.
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ranging from 1 to 10 (step of 1), evaluated under 5-fold cross-
validation. The value of k yielding the lowest RMSE is selected as
the final model configuration. A smaller k tends to increase
variance, while a larger k increases bias [25].

6). RANDOM FOREST REGRESSION (RFR). Random forest
(RF) is an ensemble learning algorithm derived from the Classification
and Regression Tree (CART) model [26]. It constructs multiple
decision trees, each trained on a randomly drawn bootstrap sample
of the training data. Only a random subset of predictor variables is
considered at each node split, which reduces correlation among trees
and improves generalization [27–29]. The final prediction is obtained
by averaging the outputs of all trees. In this study, RFR is implemented
using the rf method in the caret package in R, with predictor variables
standardized through centering and scaling. Hyperparameter tuning is
performed using grid search over the number of variables randomly
sampled at each split (mtry), with values ranging from 1 to 10.
Model selection is based on the lowest RMSE obtained through 5-fold
cross-validation, consistent with the procedure applied to SVR and
k-NN.

7). EVALUATION MODEL. The performance and accuracy of the
model used to estimate the MHI were evaluated using the RMSE,
mean absolute error (MAE), and coefficient of determination (R2).
These statistical criteria are widely utilized in modeling in order to
determine the differences between the observed data (the MHI
inventories) and the predicted MHI data [30,31]:

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i=1

ðŷi − yiÞ2
n

s
(2)

MAE =
1
n

Xn
i=1

jŷi − yij (3)

R2 = 1 −

�P
n
i=1 ððyi − ŷiÞÞ2

�
�P

n
i=1 ðyi − �yÞ2

� (4)

where yi and ŷi are observed and predicted MHI, respectively, n is
the total number of validation samples used, and �y is the observed
mean values of MHI.

III. RESULTS
A. MHI ANALYSIS

Ground data collection was used to assess mangrove health using
Equation 1. Measurements were conducted across 218 sample plots
distributed throughout the area of interest, collecting a varied range
of ecological parameters including canopy coverage, stem diameter,

Table I. Reference and predictors data

Plot

Reference data Predictors

Sc Sd Snsp MHI NDVI NBR EVI ARVI mRE-SR

1 3.20 10.00 4.14 57.79 0.77 0.34 0.37 0.62 0.49

2 7.19 10.00 4.12 71.05 0.83 0.44 0.49 0.71 0.52

3 9.45 9.77 4.14 77.88 0.83 0.42 0.49 0.71 0.53

4 8.98 9.63 4.18 75.98 0.85 0.46 0.54 0.74 0.55

5 8.90 9.59 4.16 75.51 0.84 0.46 0.52 0.73 0.55

6 8.99 9.59 4.16 75.79 0.78 0.38 0.43 0.63 0.51

7 8.98 9.59 4.16 75.80 0.87 0.48 0.66 0.78 0.55

8 9.24 9.59 4.16 76.60 0.84 0.46 0.50 0.73 0.56

9 8.56 9.56 4.16 74.26 0.83 0.47 0.48 0.71 0.52

10 8.98 9.55 4.15 75.60 0.86 0.47 0.51 0.75 0.56

11 8.62 9.52 4.15 74.27 0.82 0.43 0.50 0.70 0.51

12 8.90 9.52 4.15 75.26 0.84 0.47 0.52 0.73 0.54

13 9.23 9.50 4.15 76.28 0.85 0.53 0.51 0.73 0.57

14 8.88 9.49 4.15 75.08 0.84 0.45 0.52 0.73 0.55

15 8.91 9.48 4.16 75.17 0.86 0.49 0.51 0.75 0.58

16 8.94 9.47 4.15 75.19 0.85 0.48 0.52 0.73 0.55

17 8.91 9.45 4.15 75.03 0.85 0.46 0.53 0.73 0.54

18 8.97 9.39 4.16 75.06 0.87 0.39 0.67 0.76 0.53

19 9.02 9.39 4.15 75.16 0.84 0.43 0.49 0.72 0.54

20 9.23 9.39 4.15 75.88 0.84 0.44 0.50 0.73 0.55

21 8.98 9.38 4.15 75.05 0.83 0.42 0.47 0.70 0.53

22 9.09 9.38 4.16 75.44 0.83 0.48 0.51 0.70 0.52

23 9.07 9.37 4.14 75.28 0.84 0.46 0.49 0.73 0.53

24 8.85 9.34 4.15 74.45 0.86 0.47 0.51 0.75 0.56

25 9.05 9.33 4.15 75.08 0.81 0.36 0.46 0.68 0.45

Average 6.19 7.47 4.13 59.31 0.78 0.40 0.44 0.64 0.48
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and sapling density. The descriptive statistics of the MHI values
reveal a mean of 59.31%, with values ranging from poor to excellent
health categories. The spatial distribution of MHI calculation results
is presented in Fig. 4, revealing that the mangrove health condition is
predominantly categorized as moderate (50%), followed by excel-
lent (39%) and poor (11%). Mangrove healthiness is classified into
three fundamental categories based on the MHI ranges: poor (0–
33%), moderate (33–66%), and excellent (66–100%) [12].

B. MODELING RESULTS AND VALIDATION

The MHI is estimated using three ML regression techniques: SVR,
RFR, and K-nearest neighbor regression (KNN-R). Ground-truth
measurements from 218 field plots serve as reference data, with
MHI values calculated using Equation 1 as presented in Table I.
Prior to modeling, all predictor variables are standardized through
centering and scaling.

Each model was trained and evaluated using 5-fold cross-
validation, where the dataset is partitioned into five subsets and
each subset serves once as the testing fold while the remaining four
are used for training. Model performance is assessed using RMSE,
MAE, and R2.

1). COMPARISON OF THREE ML ALGORITHMS. This study
compares three ML regression approaches—SVR, RFR, and
KNN-R—to predict MHI values. K-fold cross-validation with K
set to 5 is utilized to assess model performance on the complete
dataset. The outcomes of this comparison are illustrated in Fig. 5.
The RFR algorithm was selected for MHI estimation due to its
relatively superior performance, as indicated by lower RMSE and

MAE values compared to SVR and KNN-R. Figure 5 shows that
the RFR model demonstrates strong predictive performance in
estimating MHI, as indicated by RMSE= 6.00, MAE= 4.73, and
R2= 0.82. This model is subsequently applied to the study area
using the spectral index predictors presented in Fig. 6, including
NBR, ARVI, NDVI, EVI, and mRe-SR.

Figure 6 demonstrates that MHI values range from 29.64 to
75.93 across the study area. This variation indicates that the health
of the assessed mangroves covers a wide range, from poor to
excellent. Approximately 698.63 ha, or 59.91% of the total area, is
determined to be in moderate health condition based on the spatial
distribution of the MHI. Areas classified as excellent and poor

Fig. 5. Performance comparison of SVR, RFR, and k-NN models.

Fig. 6. Spatial distribution map of MHI in Belawan District.
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condition represent approximately 28.99% and 11.11% of the total
area, respectively (Fig. 7).

IV. DISCUSSION
The findings of this study confirm the effectiveness of integrating
remote sensing data with ML techniques in accurately assessing
mangrove ecosystem health. The RFR model achieves strong pre-
dictive performance, as indicated by statistical metrics such as
RMSE= 6.00, MAE= 4.73, and R2= 0.82. These results suggest
that the combination of spectral indices derived from Sentinel-2
imagery and robust regression algorithms provides a reliable and
scalable approach for evaluating mangrove conditions. This out-
come aligns with prior research that employed similar techniques
for vegetation monitoring, where the RF algorithm demonstrated
superior accuracy and model stability compared to other regression
methods [13]. Previous studies applying remote sensing and ML
techniques for mangrove health assessment have reported high
classification accuracy and kappa coefficients of up to 97% and
0.94, respectively. Besides, the use of remote sensing indices,
including NBR, ARVI [14], NDVI [12], EVI, and mRe-SR plays
a key role in enhancing prediction accuracy. Their spectral
sensitivity allowed differentiation between healthy and degraded
mangrove stands, consistent with findings from [11,12], who
demonstrated that combined spectral indices substantially enhance
model robustness for mangrove and forest health estimation.

Moreover, ML can be applied to monitor and analyze changes
in the mangrove ecosystem as time progresses. Several studies have
demonstrated that the utilization of ML methods, such as RF and
SVM, can provide highly accurate mappings of mangrove eco-
systems. Furthermore, the utilization of satellite imagery data from
sources such as Landsat-8, Sentinel-2, and WorldView-2 can be
effectively used to monitor temporal changes in mangrove eco-
systems. Therefore, ML serves as an essential tool for enhancing
the efficiency of mangrove ecosystemmonitoring and management
[12,32,33].

An important advantage of this approach is its scalability.
Remote sensing enables rapid assessment across large areas, which
would be difficult and costly using traditional field surveys
[9,11,34]. This is particularly valuable for regions with extensive
but fragmented mangrove coverage, such as Belawan District.

However, certain limitations were identified in this study. The
reliance on single-date imagery may restrict the ability to capture
phenological and seasonal variations in mangrove health. The
selected acquisition date does not explicitly account for tidal con-
ditions, which may introduce variability in spectral values extracted
from intertidal mangrove areas. Additionally, the RFR model re-
quires validation across diverse ecological and climatic contexts to
confirm its broader robustness. Other potential sources of uncertainty
include atmospheric noise and varying spatial resolutions of satellite
data. Future studies could address these limitations by incorporating
multi-seasonal imagery, ground-based biophysical parameters, and
advanced deep learning models such as convolutional neural net-
works (CNNs) or graph-based architectures. These methods have
recently shown promise in capturing spatial heterogeneity and
complex nonlinear relationships within ecological systems [35].

V. CONCLUSIONS
This study confirmed that RFR outperformed SVR and k-NN in
predicting theMHI, achieving a high level of accuracy (R2= 0.82) as
validated by ground-truth measurements and K-fold cross-validation.
The RFR model demonstrated superior capability in estimating
critical ecological parameters, including canopy cover, stem diame-
ter, and sapling density derived from Sentinel-2 spectral indices. The
findings highlighted the effectiveness of combining medium-resolu-
tion satellite data with ensemble ML algorithms to produce reliable
and scalable assessments of mangrove ecosystem health.

The integration of remote sensing and ML provided a transfor-
mative framework for continuous and spatially extensive environ-
mental monitoring. Such an approach enabled rapid, cost-efficient
evaluation of mangrove condition across broad coastal landscapes
where field-based assessments are often limited. The results from
this study underscored the potential of data-driven methodologies to
inform restoration planning, biodiversity conservation, and blue
carbon management initiatives.

Future research should emphasize the use of multi-seasonal or
multi-year datasets to capture temporal variations in mangrove
dynamics under changing climatic and anthropogenic pressures.
Furthermore, incorporating socio-environmental variables such as
land-use intensity, hydrological connectivity, and local manage-
ment practices could enhance model interpretability and policy

Fig. 7. Detailed visualization of mangrove-specific health conditions in Belawan District: a) mangrove area classification delineated with yellow
boundaries and (b) spatial distribution of the Mangrove Health Index (MHI) within mangrove areas only.
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relevance. Advancing toward deep learning architectures, particu-
larly convolutional and hybrid neural networks, also holds promise
for improving predictive accuracy and generalizability. Collec-
tively, these advancements can establish a more holistic, adaptive
framework for monitoring and conserving mangrove ecosystems in
the face of global environmental change.

ACKNOWLEDGMENTS

This research was funded by DRTPM Grant 2023 (No.167/E5/
PG.02.00.PL/2023) from Ministry of Education, Culture, Research, and
Technology, Republic of Indonesia.

CONFLICT OF INTEREST STATEMENT
The authors declare that they have no conflicts of interest to report
regarding the present study.

REFERENCES

[1] J. Vermilye and M. Beeston, “State of the World’s Mangroves,” 2023.
[2] FAO, “The world’s mangroves 1980-2005,” FAO Forestry Paper, 153,

2007
[3] M. Spalding, M. Kainuma, and L. Collins, “World_Atlas_of_Man-

groves,” 2010.
[4] R. Costanza et al., “Changes in the global value of ecosystem services,”

Glob. Environ. Change, vol. 26, pp. 152–158, 2014. DOI: 10.1016/j.
gloenvcha.2014.04.002

[5] G. Perillo et al., Coastal Wetlands: An Integrated Ecosystem
Approach. Amsterdam, Netherlands: Elsevier, 2018.

[6] D. M. Alongi, “The impact of climate change on mangrove forests,”
Curr. Clim. Change Rep., pp. 30–39, 2015. DOI: 10.1007/s40641-
015-0002-x

[7] I. Nordhaus, M. Toben, and A. Fauziyah, “Impact of deforestation on
mangrove tree diversity, biomass and community dynamics in the
Segara Anakan lagoon, Java, Indonesia: A ten-year perspective,”
Estuar. Coast Shelf Sci., vol. 227, p. 106300, 2019.

[8] I. W. E. Dharmawan, “Mangrove Health Index Distribution on the
Restored Post-Tsunami Mangrove Area in Biak Island, Indonesia,” In
IOP Conference Series: Earth and Environmental Science. IOP
Publishing, 2021, p. 012007.

[9] H. Xiao et al., “Optimal and robust vegetation mapping in complex
environments using multiple satellite imagery: Application to man-
groves in Southeast Asia,” Int. J. Appl. Earth Obs. Geoinf., vol. 99,
p. 102320, 2021.

[10] F. Fakhrurrozi et al., “Mangrove Community Structure and Healthi-
ness in Rote Ndao, East Nusa Tenggara,” In BIOWeb of Conferences.
EDP Sciences, 2024. p. 01014.

[11] T. D. Pham et al., “Remote sensing approaches for monitoring
mangrove species, structure, and biomass: Opportunities and chal-
lenges,” Remote Sens (Basel), vol. 11, p. 230, 2019.

[12] A. R. Soffianian et al., “Evaluating resampled and fused Sentinel-2
data and machine-learning algorithms for mangrove mapping in the
northern coast of Qeshm island, Iran,”Nat. Conserv., vol. 52, p. 1–22,
2023. DOI:10.3897/natureconservation.52.89639

[13] Y. Zhu et al., “Exploring the potential of worldview-2 red-edge band-
based vegetation indices for estimation of mangrove leaf area index with
machine learning algorithms,”Remote Sens (Basel), vol. 9, p. 1060, 2017.

[14] I. P. Sugiana et al., “Spatial distribution of mangrove health index on
three genera dominated zones in Benoa Bay, Bali, Indonesia,”
Biodiversitas. 23, 2022.

[15] L. Liu and M. T. Özsu, Encyclopedia of Database Systems, vol. 6.
New York, NY, USA: Springer, 2009.

[16] S. A. Hudjimartsu et al., “Prediction of the spread of Acacia nilotica
invasive species using generalized linear models,” J. Manaj. Hutan
Trop., vol. 23, pp. 150–157, 2017.

[17] L. Nguyen, “Tutorial on support vector machine,” Appl. Comput.
Math., vol. 6, pp. 1–15, 2017.

[18] J. M. Monnet, J. Chanussot, and F. Berger, “Support vector regression
for the estimation of forest stand parameters using airborne laser
scanning,” IEEEGeosci. Remote sens. Lett., vol. 8, pp. 580–584, 2011.

[19] L. R. Mansaray, K. Zhang, and A. S. Kanu, “Dry biomass estimation
of paddy rice with Sentinel-1A satellite data using machine learning
regression algorithms,” Comput. Electron. Agric., vol. 176,
p. 105674, 2020.

[20] S. Shataee et al., “Forest attribute imputation using machine-learning
methods and ASTER data: Comparison of k-NN, SVR and random forest
regression algorithms,” Int. J. Remote Sens., vol. 33, pp. 6254–6280, 2012.

[21] R. E. McRoberts et al., “Estimating areal means and variances of
forest attributes using the k-Nearest Neighbors technique and satellite
imagery,” Remote Sens. Environ., vol. 111, pp. 466–480, 2007.

[22] T. Koukal, F. Suppan, and W. Schneider, “The impact of relative
radiometric calibration on the accuracy of kNN-predictions of forest
attributes,” Remote Sens. Environ., vol. 110, pp. 431–437, 2007.

[23] A. O. Finley, R. E. McRoberts, and A. R. Ek, “Applying an efficient
k-nearest neighbor search to forest attribute imputation,” For. Sci.,
vol. 52, pp. 130–135, 2006.

[24] L. Kozma, “k Nearest Neighbors algorithm (kNN),” Helsinki
University of Technology. 32, 2008.

[25] L. Breiman et al., Classification and Regression Trees. Boca Raton,
FL, USA: Chapman and Hall/CRC, 2017.

[26] L. Breiman, “Random forests,”Mach. Learn., vol. 45, pp. 5–32, 2001.
[27] M. Schwieder et al., “Estimating fractional shrub cover using simu-

lated EnMAP data: A comparison of three machine learning regres-
sion techniques,” Remote Sens (Basel), vol. 6, pp. 3427–3445, 2014.

[28] H. Viana et al., “Estimation of crown biomass of Pinus pinaster stands
and shrubland above-ground biomass using forest inventory data,
remotely sensed imagery and spatial prediction models,” Ecol. Mod-
ell., vol. 226, pp. 22–35, 2012.

[29] K. B. Byrd et al., “Evaluation of sensor types and environmental
controls on mapping biomass of coastal marsh emergent vegetation,”
Remote Sens. Environ., vol. 149, pp. 166–180, 2014.

[30] A. Purwanto and E. Eviliyanto, “Mangrove health analysis using
Sentinel-2A image with NDVI classification method,” GeoEco.,
vol. 8, pp. 87–97, 2021. DOI:10.20961/ge.v8i1.51948

[31] I. W. E. Dharmawan and Y. I. Ulumuddin, “Mangrove community
structure data analysis, a guidebook for Mangrove Health Index
(MHI) training,” Nas. Media Pustaka, Makassar[Indonesian]. 2021.

[32] P. Nagarajan et al., “Comparison of machine learning algorithms for
mangrove species identification in Malad creek, Mumbai using
WorldView-2 and Google Earth images,” J. Coast Conserv.,
vol. 26, p. 44. DOI:10.1007/s11852-022-00891-2

[33] M. Kamal et al., “A preliminary study on machine learning and
google earth engine for mangrove mapping,” IOP Conf. Ser. Earth
Environ. Sci., vol. 500, p. 012038, 2020. DOI:10.1088/1755-1315/
500/1/012038

[34] M. Rondon et al., “Remote sensing-based assessment of mangrove
ecosystems in the Gulf Cooperation Council countries: A systematic
review,” Front. Mar. Sci., vol. 10, p. 1241928, 2023.

[35] S. Talebiesfandarani and A. Shamsoddini, “Global-scale biomass
estimation based on machine learning and deep learning methods,”
Remote Sens. Appl., vol. 28, 2022. DOI:10.1016/j.rsase.2022.100868

8 Sahid Agustian Hudjimartsu et al.

(Ahead of Print)

https://doi.org/10.1016/j.gloenvcha.2014.04.002
https://doi.org/10.1016/j.gloenvcha.2014.04.002
https://doi.org/10.1007/s40641-015-0002-x
https://doi.org/10.1007/s40641-015-0002-x
https://doi.org/10.3897/natureconservation.52.89639
https://doi.org/10.20961/ge.v8i1.51948
https://doi.org/10.1007/s11852-022-00891-2
https://doi.org/10.1088/1755-1315/500/1/012038
https://doi.org/10.1088/1755-1315/500/1/012038
https://doi.org/10.1016/j.rsase.2022.100868

