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A B S T R A C T   

Mangroves are a crucial part of the coastal ecosystem; thus, precise and up-to-date monitoring is essential to 
guide regional policies and inform conservation strategies. This study investigates the capabilities of semi- 
automated remote sensing approaches within a Google Earth Engine framework for national-scale mangrove 
mapping in Thailand. Remote sensing data from 2018—10,000 data points acquired from Sentinel-1, Sentinel-2, 
and the Shuttle Radar Topography Mission (SRTM)—was used to train several machine learning models. The 
Gradient Tree Boost (GTB) proved to be the most reliable, with the least variation in validity (the lowest IQR) and 
the highest average Overall Accuracy of 96.75 ± 0.63 % compared to the others—96.64 ± 0.72 % for Random 
Forest (RF); 96.12 ± 0.80 %for Classification and Regression Trees (CART); and 95.43 ± 0.74 % for Support 
Vector Machines (SVM). Thus, the GTB was instrumental in mapping mangrove distribution with 10-m spatial 
resolution across Thailand from 2016 to 2022, the period in which the mangrove areas increased by 11 %, 
reflecting successful conservation efforts over the past decade. The developed framework establishes the foun
dation for semi-automated mangrove mapping that can be developed for other geographical contexts.   

1. Introduction 

Mangroves are found in the littoral zones of tropical and subtropical 
coastlines, located between land and sea at the estuary between 30◦S 
and 30◦N (Giri et al., 2011). Because they provide vital functions to 
coastal ecosystems, mangrove forests are important. They provide 
sanctuary and nourishment for marine life and species and act as a 
natural barrier against erosion brought on by waves and storms. 
Importantly, mangroves function as carbon reservoirs and are signifi
cant carbon sinks along coasts (Alongi and Mukhopadhyay, 2015; Bindu 
et al., 2020). 

Mangrove areas have dramatically declined by human activities such 
as agriculture, aquaculture, shrimp ponds, land reclamation, urban 
settlements, and port infrastructure (Richards and Friess, 2016; Thomas 
et al., 2017). The decline is also accounted for by tidal waves, storm 
surges, and coastal erosion (Linneweber and De Lacerda, 2002; Richards 
and Friess, 2016). The physicochemical conditions and growth of 

mangrove forests are vulnerable to climate change; global warming 
raises the sea level and increases water salinity (Neumann, 1997; Shiau 
et al., 2017). 

Monitoring spatial and temporal dynamics is critical for determining 
mangrove extent and the efficacy of restoration policies, which require 
high spatial resolution and temporal data. Mapping mangroves is typi
cally resource-intensive and time-consuming, particularly for inacces
sible areas (Giri et al., 2007; Zhang et al., 2014). Remote sensing has 
been employed to quantify a decade change in mangrove distribution on 
a global scale with 30-m spatial resolution the worldwide spatial dis
tribution of mangroves, as well as their rates of change across decadal 
periods (Bunting et al., 2018; Giri et al., 2011; Hamilton and Casey, 
2016). Nevertheless, more than such a resolution is needed for regional 
management. 

In Thailand, the national-scale mangrove monitoring has been re
ported every five years (DMCR, 2023). Unfortunately, no annual report 
exists, nor the accessibility of geospatial data online. As a developing 
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country, Thailand requires monitoring tools that are convenient to use 
and easily replicable while maintaining accuracy in mapping. Google 
Earth Engine (GEE) is a free cloud-based platform for global-scale geo
spatial analysis that runs on Google’s cloud (Gorelick et al., 2017). Its 
catalogue provides access to various satellite data and remote sensing 
products, including a range of packages from advanced image process
ing to machine learning algorithms. GEE has been employed for 
numerous applications: hydrology, urban planning, natural catastrophe 
analysis, and land use and land cover (Amani et al., 2020; Gorelick et al., 
2017). Several applications were for mangrove monitoring in various 
scales (Cissell et al., 2021; Ghorbanian et al., 2021; Hu et al., 2020; 
Mandal and Hosaka, 2020; Zhao and Qin, 2022). 

GEE can be applied as a semi-automated mapping that combines 
automated tools with manual refinement to produce accurate and 
dependable maps. It balances the efficiency of automated methods when 
dealing with large amounts of data with the precision of human exper
tise. The combination ensures the quality and validity of the mapping 
output, providing an advantage over solely automated or manual 
methods. Example applications of GEE semi-automated mapping are: 
land use and land cover (Mack et al., 2017); topography mapping of 
intertidal zones (Sharma et al., 2021); and oil palm landcover classifi
cation (Sarzynski et al., 2020). To our knowledge, there needs to be a 
sufficient model available for semi-automated mapping of mangroves 
that is both robust and sustainable. 

The GEE environment allows the analysis of satellite images from 
Sentinel-2, Sentinel-1, and the Shuttle Radar Topography Mission 
(SRTM). These three satellites each offer unique advantageous features, 
and their combined use yields mutually beneficial advantages. Sentinel- 
2 has the capability of providing imagery across various spectral bands. 
Sentinel-1 offers valuable imagery in particular bands in additionally to 
Sentinel-2. Both Sentinel-1 and Sentinel-2 are distinguished from other 
open-source satellites by their exceptional spatial resolution of 10 m. 
SRTM, despite its comparatively lower spatial resolution of 30 m, pro
vides elevation information that especially benefits analyses of 
mangrove ecosystems where elevations are often significant. 

Several machine learning algorithms are enabled to be performed on 
the GEE platform. The most frequently used algorithms for supervised 
pixel-based classification are Random Forest (RF), Classification and 
Regression Trees (CART), and Support Vector Machines (SVM) (Tami
minia et al., 2020). Gradient Tree Boost (GTB) has emerged for 
mangrove classification in recent years, i.e., seasonal leaf nutrients 
mapping (Miao et al., 2022), and estimation of above-ground biomass 
(Pham et al., 2020; Singh and Mahajan, 2023). 

CART is a standard single-tree decision model where the data are 
classified for the attribute maximising the information gain. It is a rapid, 
simple and highly flexible algorithm (Ouma et al., 2022; Pal and Mather, 
2003). SVM minimises misclassification and optimizes a hyperplane that 
splits the data into two classes. SVM stands out for its capacity to manage 
large-dimensional classification problems with small sample sizes (Hu 
et al., 2018). RF is an ensemble of numerous independently-trained 
decision trees (Cutler et al., 2007). RF can overcome overfitting (She
lestov et al., 2017), manage high-dimensional data, and discover 
nonlinear relationships (Breiman, 2001). GTB uses gradient descent to 
minimise the loss function in order to strengthen ensembles of weak 
learner trees iteratively (Friedman, 2002). It can capture complex data 
relationships without overfitting (Ouma et al., 2022). 

For the above reason, this study investigates the potential of the 
semi-automated model—requiring manual assistance for preparing the 
input data, while the remaining processes are automated—in mangrove 
mapping on a national scale in Thailand. The remote-sensing data used 
are in the GEE environment, i.e., Sentinel-2, Sentinel-1, and SRTM. The 
objectives are (i) to identify an adequate machine learning model 
(among CART, SVM, RF, and GTB) for classifying mangrove areas using 
GEE and (ii) to quantify the change in mangrove areas during 
2016–2022. 

The novelty of our research lies in the development of a semi- 

automatic mapping model tailored for Thailand, characterised by the 
combination of high-resolution satellite time series with a spatial reso
lution of up to 10 m. This model is made feasible through complimentary 
access to free-of-charge satellite data on the GEE platform. This devel
opment is an important step forward for ecological mapping, especially 
for accurate mangrove ecosystem monitoring. 

2. Materials and methods 

2.1. Study area 

This study focuses on the national scale of Thailand, specifically 
examining the country’s mangrove area. Initially, we employed the 
mangrove boundary obtained from the Royal Thai Government in 2000 
through a Cabinet Resolution from the Department of Marine and 
Coastal Resources (DMCR) (DMCR, 2021a). The classification area re
fers to a designated region outlined by the boundary and further 
enclosed by a 2 km buffer zone from the original border, as depicted in 
Fig. 1. The mangrove covers are located across 24 provinces of Thailand, 
mostly in the lower Andaman Sea, followed by the upper Andaman Sea 
and the Gulf of Thailand (DMCR, 2021a, 2021b). The latest report is of 
2019, when mangroves covered 2,779.23 km2, an increase of 323.90 
km2 compared to the prior report in 2014 (DMCR, 2021b). 

2.2. Data pre-processing 

2.2.1. Remote sensing data 
Sentinel-2, Sentinel-1, and SRTM data (from 2016 to 2022) available 

on GEE were used. Sentinel-2 data was utilised for the Enhanced 
Vegetation Index (EVI), Mangrove Vegetation Index (MVI), visible 
wavelengths (B2, B3, B4), the first red-edge band (B5), near-infrared 
(NIR; B8A), and short-wave infrared 1 (SWIR1; B11). The VH polar
isation band was obtained from Sentinel-1. SRTM provided digital 
elevation data. These diverse datasets served as crucial variables in our 
classification algorithm, facilitating the creation of comprehensive 
mangrove forest maps for Thailand from 2016 to 2022. The details are 
described as follows:  

(i) Sentinel-2 Satellite Imagery 

Sentinel-2 Satellite’s product used was the Multi-Spectral Instrument 
(MSI) Level-1C orthorectified top-of-atmosphere reflectance products. It 
includes 13 spectral bands with spatial resolutions ranging from 10 m to 
60 m (Table S1). Although archived from 23 June 2015 to the present, 
the 2015 data was unavailable for the study area, prompting the use of 
2016–2022 images. The selection process began with satellite photos 
with less than 25 % cloud cover. A reduced image collection was made 
by taking the median of all values at each pixel in the stack of bands 
corresponding to the image. From 25 January 2022, scenes from 
Sentinel-2 with a processing baseline of ’04.00′ or higher experienced a 
shift in their Digital Number (DN) value range by 1000. To maintain 
consistency, harmonised Sentinel-2 MSI images were employed for the 
2022 classification. 

Band selections of Sentinel-2 were carried out based on previous 
studies. Bands 2–5 were chosen as the visible wavelengths in the spectral 
signature of plant pigments can be used to distinguish tree-covered re
gions from other types of land cover (Yang et al., 2022). The NIR region 
helps to inform vegetation characteristics, such as leaf pigments, cellu
lose (Yang et al., 2022), plant greenness (Huete, 2004), leaf moisture, or 
water content (Baloloy et al., 2020; Tian et al., 2010). Mangroves have 
more water stored in their leaves and canopy than most terrestrial for
ests, thus reflecting the infrared less than other forests (Yang et al., 
2022). SWIR and the red-edge band are also useful for plant classifica
tion (Immitzer et al., 2016) as well as for detecting phenological dif
ferences (Persson et al., 2018). Previous studies reported that the SWIR 
and the first Red-edge (B5) were the most relevant for the plant 
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classification (Macintyre et al., 2020; Ramoelo et al., 2015) as they are 
associated with the chlorophyll content (Fernández-Manso et al., 2016; 
Sun et al., 2020). The red edge is helpful in estimating biomass and crop 
yield (Wu et al., 2019). Mangroves reflect SWIR reflected by mangroves 

is different from other vegetation (Hu et al., 2020; Yang et al., 2022). For 
the above reasons, this study employed the visible wavelengths (B2, B3, 
B4), first Red-edge (B5), NIR (B8A; a narrow range in NIR), and SWIR1 
(B11) for the classification of mangrove forests (see Asterisks marked 

Fig. 1. Study area depicting mangrove forests in Thailand. The 2 km buffered area (outlined in red) is based on the 2000 Cabinet Resolution of the Royal Thai 
Government, with DMCR-defined mangroves shown in green. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
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bands in Table S1). 
The vegetation indices employed in this study are the Enhanced 

Vegetation Index (EVI) and the Mangrove Vegetation Index (MVI): 

EVI = 2.5 ×
NIR-RED

NIR + 6.0RED − 7.5BLUE + 1
(1)  

MVI =
NIR − GREEN

SWIR1 − GREEN
(2)  

where NIR, RED, GREEN, BLUE, and SWIR1 are the near-infrared (B8), 
red (B4), green (B3), blue (B2), and shortwave-infrared (B11) reflec
tance of Sentinel-2 bands, respectively. 

EVI is generally used for vegetation discrimination, biomass esti
mation, health, and greenness; EVI has reported to overcome the satu
ration challenge under high vegetation cover (Huete et al., 2002; Liu and 
Huete, 1995). EVI is suitable for mangrove time-series analysis as it can 
distinguish the interior of forest areas with high clarity (Zhu et al., 
2021). MVI derived from remote sensing images was demonstrated for 
rapid and precise mapping of mangrove boundaries, effectively high
lighting the greenness and the moisture of the forests information in 
mangroves (Baloloy et al., 2020).  

(ii) Sentinel-1 Satellite Imagery 

Sentinel-1’s product, the dual-polarization C-band Synthetic Aper
ture Radar (SAR) Ground Range Detected (GRD), were utilised, having a 
10-mspatial resolution and four polarisation bands (VV, HH, VV + VH, 
and HH + HV) (see Table S2). The scene was pre-processed via the 
Sentinel-1 Toolbox, using SRTM 30 or ASTER DEM, with the following 
corrections: Thermal noise removal; Radiometric calibration; and 
Terrain correction. The VH polarisation was used to classify mangrove 
forests since the plant canopy structure is responsive to the VH band 
(Chauhan and Srivastava, 2016). Sentinel-1 images were selected during 
2016–2022. A filter was conducted to obtain images collected in inter
ferometric wide swath mode and produce a composite from median 
polarisation.  

(iii) Shuttle Radar Topography Mission (SRTM) 

This study utilised elevation data, a crucial factor in the classification 
of mangrove forests (Zhao and Qin, 2020). The data was acquired from 
SRTM of NASA Jet Propulsion Laboratory’s (NASA JPL) SRTM V3 
product (SRTM Plus), commonly known in GEE as the NASA SRTM 
Digital Elevation 30 m; it is a digital elevation model with a 30-mspatial 
resolution. 

2.2.2. Geographic information system data (GIS data) and sampling points 
The boundaries for mangrove and non-mangrove areas were sourced 

from (i) the land used data from Thailand’s Land Development 
Department and (ii) the forest data from the Royal Forest Department. 
Both data were in a shapefile format. The mangrove areas intersected 
the annual land use data from 2016 to 2018 and the annual forest data in 
2018. The non-mangrove areas were obtained by intersecting the six 
sub-classes of land use data (i.e., terrestrial forests, agriculture, aqua
culture, built-up/urban, bare land/sand, and water/sea) of two periods 
(2016–2018 and 2019–2021). The sample points were obtained via a 
random stratification; the non-mangroves’ were the combination of 
points sampled from each sub-class. The sample points were randomly 
selected at 10,000 in each class for mangrove and non-mangrove areas. 

2.3. Mangrove forest classification 

2.3.1. Classification algorithms 
This study compared five classification algorithms that have previ

ously been utilised for mangrove mapping: (i) CART (Giri et al., 2014; Li 
et al., 2019; Mandal and Hosaka, 2020; Mondal et al., 2019); (ii) SVM 

(Cao et al., 2018; Li et al., 2019; Toosi et al., 2019; Xia et al., 2018); (iii) 
RF (Cissell et al., 2021; Ghorbanian et al., 2021; Hu et al., 2020; Li et al., 
2019; Mondal et al., 2019; Toosi et al., 2019; Zhao and Qin, 2020); (iv) 
GTB (Baviskar and Dhiman, 2022; Liu et al., 2021). The relevant pa
rameters assigned in this study are listed in Table S4. 

2.3.2. Accuracy assessment and statistical analysis 
The salt-and-pepper noise caused by misclassified pixels was mini

mised via the morphological reducer filter; the values of isolated pixels 
are replaced by the surrounding pixels. A square kernel of a 30-m width 
was applied in the post-classification process. Each class of the sam
ple—mangrove (10,000 points) and non-mangrove (10,000 points)— 
was split into a 50:50 ratio into the train set (5,000 points) and the test 
set (5,000 points). The resulting non-mangrove areas were cross- 
checked visually via the Open Street Map and Google Earth. 

The confusion matrix was used to assess the model’s accuracy. The 
overall accuracy (OA) and Kappa coefficient (Kappa) (Cohen, 1960) 
were retrieved annually. The average OAs and Kappas for the observed 
period of the performed models were compared. The annual OAs ob
tained from each model were further examined via the one-way analysis 
of variance (One-way ANOVA). This hypothesis test considers only one 
categorical variable or factor (Brown and Forsythe, 1974). The annual 
OAs are significantly different when p-value < 0.05. The model with the 
highest averaged OA outperforms the others. All methodological pro
cedures can be summarised in a flowchart diagram, as shown in Fig. 2. 

3. Results and discussion 

3.1. Results of mangrove forest classification 

The EVI, MVI, visible wavelengths (B2, B3, B4), the first red-edge 
band (B5), NIR (B8A), and SWIR1 (B11) were all calculated using 
Sentinel-2 data. Sentinel-1 provided the VH polarisation band. Digital 
elevation data was supplied by SRTM. The combined datasets were 
essential factors in our classification model to generate detailed maps of 
Thailand’s mangrove forests from 2016 to 2022. 

All models, namely CART, SVM, RF, and GTB, successfully classified 
mangrove and non-mangrove areas during 2016–2022 with OAs greater 
than 94 % and Kappas exceeding 0.80 (see Table S5). This indicated that 
all performed algorithms can be used for mangrove classification. GTB 
has the highest average OA (96.75 ± 0.63 %). In addition, GTB delivered 
higher OA and Kappa values than the others in each year except for 
2018, where it performed equally well as RF. 

The highest OA achieved by GTB in this study is in line with previous 
works. Baviskar and Dhiman (2022) discovered that GTB outperformed 
CART, RF, and SVM when studying the spatiotemporal assessment of 
mangrove ecosystems in Coastal Megacity, Mumbai, India. Miao et al. 
(2022) found that XGBoost—a model developed from GTB—performs 
more accurately estimating mangrove leaf nutrients than other ap
proaches (RF, light gradient boosting machine, and extreme gradient 
boosting). 

The high accuracies of RF also align with several studies. Mondal 
et al. (2019) found that RF surpasses CART and SVM in mangrove 
mapping in West Africa and found that using RF and CART. Toosi et al. 
(2019) also reported that RF outperformed other algorithms (RF, 
Regularized Discriminant Analysis, Least Squares SVM Radial, and 
Linear SVM) in monitoring mangrove cover changes in southern Iran. 

Hence, GTB was concluded to be the most efficient, followed by RF. 
The authors also suggest the development of GTB, such as XGBoost 
(available in Python programming), to improve efficiency in mangrove 
classification in future studies. 

Fig. 3a illustrates the nation’s largest mangrove area, which is in 
Phang-Nga Bay, derived from the data in 2018. Fig. 3b-c are the corre
sponding true-colour and false-colour composites of satellite images. 
Fig. 3d-g compares the models’ performances. 

Some terrestrial forests were misclassified as mangrove forests via 

S. Pinkeaw et al.                                                                                                                                                                                                                                



The Egyptian Journal of Remote Sensing and Space Sciences 27 (2024) 555–564

559

CART (Fig. 3d) and SVM (Fig. 3e), whereas RF (Fig. 3f) and GTB (Fig. 3g) 
are accurately classified. This misclassification is likely due to the re
gion’s topography featuring mountains proximate to mangrove areas 
and inland forests adjacent to hills (yellow frames). The geographical 
closeness may influence the misclassifications, with shadows and 
reflection angles playing pivotal roles. 

Furthermore, it was demonstrated that some aquaculture areas 
related to agricultural areas (pink frames) were incorrectly classified as 
mangrove forests, particularly by the CART and SVM classifications for 
agricultural areas relative to water or rivers (red frames). It was found 
that some agricultural pixels were classified as mangrove forests by the 
CART and SVM classifications, especially the SVM (Fig. 3e). While RF 
and GTB had smaller amounts of misclassifications in agricultural areas 
than in CART and SVM. 

Although the results showed that GTB has the highest average ac
curacy (Table S5), they also found that the accuracies were relatively 

close together (95.43–96.75 %), and the variations were relatively low. 
Therefore, the box plot and ANOVA were analysed. The distribution 
analysis of OA in each algorithm is shown in Fig. 4 and Table S6. The 
results demonstrated that RF and GTB have similar accuracy and a 
higher range of accuracy (both mean and median values) than CART and 
SVM. 

A one-way ANOVA (Table S7) was used to analyse the significant 
differences in OA values between each method. The results showed that 
the OA of each algorithm was significantly different (P-value = 0.02, less 
than 0.05 (P < 0.05)). It means that GTB achieved significantly higher 
accuracy than other machine learning techniques. In addition, the de
viation of the GBT model was lower than other models when applied to 
other years (2016–2017 and 2019–2022). The accuracy is only slightly 
different (Table S5). The result shows the robustness of the GBT model. 
Therefore, GTB was utilised to create the mangrove forest map in 
Thailand. The area of the mangrove forest in each year (2016–2022) will 

Fig. 2. Flow chart detailing the mangrove forest classification process.  
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Fig. 3. Classification results for 2018: (a) land use map, (b) true colour composite satellite images (B4, B3, B2), (c) false color composite (B8A, B11, B4), followed by 
algorithm-derived classifications: (d) CART, (e) SVM, (f) RF, and (g) GTB. Key areas of interest for mangrove classification comparison include terrestrial forests near 
hills (yellow frames), aquaculture and agricultural zones (pink frames), and intersections of agriculture with water/river areas (red frames). (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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be further analysed. 

3.2. Mangrove forest area of Thailand in 2016–2022 

Given the superior classification accuracy, GTB was employed to 
locate mangroves in Thailand from 2016 to 2022. A bar chart in Fig. 5 
shows the fluctuating change in the mangrove area over these seven 
years, initiating with 2,455 km2 in 2016. The nation experienced almost 
10 % increase in mangrove coverage within a year before undergoing a 
reduction of approximately 7 % over the next three years. However, 
between 2020 and 2022, there was a rebound, with a 9 % gain in 
mangrove areas, culminating in 2,716 km2. This translates to an overall 
increase of 261 km2 or 11 % from 2016 to 2022. The significant im
provements are Talumphuk Cape in Nakhon Si Thammarat Province, as 
illustrated in Fig. 6. 

Such gains reflect the efficacy of the policies outlined by the National 
Economic and Social Development Plan—which aim for an annual 
increment of 8 km2 from 2012 to 2016 (The National Economic and 
Society Development Board, 2011) and an expansion of 80 km2 between 
2017 and 2021 (The National Economic and Society Development 
Board, 2016). 

In addition, governmental initiatives have implemented mangrove 

and beach restoration projects—including mangrove planting and pro
moting people’s participation in the conservation and care of the 
ecosystem (The Ministry of Natural Resources and Environment, 2021). 
These initiatives are within the conceptual framework constituting the 
20-year Master Plan of the Ministry of Natural Resources and Environ
ment (2018–2037), as declared in the Cabinet’s Policy 10, focusing on 
Natural Resources Regeneration and Environmental Protection for 
Sustainable Growth, presented to the National Assembly in 2019 (The 
Ministry of Natural Resources and Environment, 2021). 

There are several benefits and limitations to our research that should 
be considered. The novelty of our research is in developing a semi- 
automatic mapping model tailored for Thailand, characterised by the 
combination of high-resolution satellite time series with a spatial reso
lution of up to 10 m. The model uses publicly available satellite data and 
GEE. Our research does have some significant limitations, though. 
Firstly, the model’s application is currently confined to Thailand. The 
accuracy of this model may vary depending on the location due to 
variations in species mix and environmental factors. Secondly, signifi
cant changes in land use within non-mangrove areas could restrict the 
model’s applicability. These modifications may significantly impact the 
reflectance patterns that the model depends on. As the machine learning 
parameters used in this study were set as the default parameters, the 

Fig. 4. Box plot comparing the Overall Accuracy (OA) of the four algorithms used for mangrove classification between 2016 and 2022.  

Fig. 5. Mangrove forest coverage in Thailand from 2016 to 2022, as classified by the GTB algorithm.  

S. Pinkeaw et al.                                                                                                                                                                                                                                



The Egyptian Journal of Remote Sensing and Space Sciences 27 (2024) 555–564

562

Fig. 6. Mangrove coverage around Talumphuk Capein Nakhon Si Thammarat Province. The display illustrates mangroves in 2016 (in green) and their growth by 
2022 (in red), complemented by true and false colour composite Sentinel-2 satellite images to corroborate the classification data. (For interpretation of the references 
to color in this figure legend, the reader is referred to the web version of this article.) 
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differences in parameters may affect the differences in the results. 

4. Conclusion 

This study resulted in a semi-automated map of Thailand’s mangrove 
areas on a national scale with a spatial resolution of 10 m. The GEE 
platform enabled the creation of Thailand’s mangrove map, integrating 
remote sensing data from three satellites. Sentinel-1 and Sentinel-2 
collectively provide images across complementary spectral bands, of
fering a comprehensive range of 17 bands. Additionally, SRTM con
tributes crucial elevation data valuable in analysing mangrove 
ecosystems where elevation is typically significant. The CART, SVM, RF, 
and GTB machine learning models were applied to the satellite data to 
classify the mangrove area in Thailand. All performed relatively well, 
with the accuracy of the acceptable range: OA (95.43–96.75 %) and 
Kappa coefficient (0.91–0.94). 

GTB is the most accurate, with the highest OA and Kappa coefficient 
of the ranges on an annual average and across the observed period 
(2016–2022). GTB also has the lowest IQR, indicating the least sparse in 
the OA values of yearly data. The one-way ANOVA analysis revealed 
that GTB’s OA is significantly greater than the other models. Therefore, 
GTB has concluded to be the most adequate model to classify mangrove 
areas in Thailand. 

GTB was utilised in the semi-automated mangrove mapping. 
Thailand has gained mangrove covers of 11 % during 2016–2022. This 
finding aligns with the conservation and restoration policies imple
mented since 2012. Our developed methodology can be used as a 
guideline for detailed mangrove mapping in other areas and periods on a 
national or local scale. 
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