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Highlights

What are the main findings?

• Landsat-based random forest mapping and LandTrendr analysis (1994–2023) showed
net mangrove loss on Bangka Island despite gains of ~4956.39 ha.

• Disturbance and recovery patterns varied strongly across the coast, linked to tin
mining and accretion–erosion dynamics.

What are the implications of the main findings?

• Annual mangrove extent and change maps provide a practical baseline for monitoring
and restoration prioritization in mining-impacted regions.

• Comparison with global mangrove datasets indicates that local validation is required
to capture small or low-density stands omitted from global products.

Abstract

Bangka’s mangroves contribute to Indonesia’s species-rich coastal ecosystems, yet they
have experienced substantial degradation, largely driven by human activities such as tin
mining. Establishing long-term records of mangrove extent is essential for understanding
distribution dynamics, assessing impacts, and guiding conservation strategies. In this study,
we applied change detection techniques, a random forest classifier, and the LandTrendr
algorithm to analyze Landsat time-series data from 1994 to 2023 across Bangka Island. We
quantified multi-decadal changes in mangrove extent, periods of disturbance and recovery,
and discrepancies between local and global datasets. Mangrove dynamics were spatially
heterogeneous, with both expansion and loss observed across regions in landward and
seaward settings. Over the 30-year period, total gains reached 4956.39 ha (10.30% of the
baseline), yet the net change indicated an overall loss of 1055.85 ha. LandTrendr analysis
further revealed sustained mangrove expansion since 1989. Observed changes reflect the
combined influence of natural processes, including accretion and erosion, and human
pressures, particularly tin mining. Although net area loss aligns with national trends, the
drivers in this mining-dominated region differ from those elsewhere, and some mangrove
areas remain absent from global datasets. These findings emphasize the need to better
capture local gain–loss dynamics to support effective management and conservation.
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1. Introduction
Mangroves are woody halophytes found within tropical, subtropical, and warm-

temperate zones, generally between latitudes 30◦N and 30◦S [1,2]. These ecosystems
flourish in intertidal zones, including deltas, estuaries, bays, lagoons, and oceanic atolls [3,4].
Mangroves support local fisheries, facilitate nutrient cycling, and sequester high amounts
of carbon [5] for which they have been recognized as nature-based solutions in climate
change mitigation [6,7]. Additionally, mangroves play an important role as natural barriers
against coastal erosion, storm surges, and extreme weather, and contribute to enhancing
water quality by trapping sediments and filtering pollutants [8,9].

Despite these ecosystem services, global-scale mangrove cover assessments indicate
a net loss of 3.4% (5245 km2) of mangrove extent from 1996 to 2020 [10]. Southeast Asia,
which contains the largest mangrove area, has experienced the highest net loss, estimated at
2456.5 km2 (4.8%), accounting for 47% of the global total mangrove loss [10]. Between 2000
and 2016, 62% of global mangrove losses were attributed to land-use changes, primarily
aquaculture and agriculture, with nearly 80% of direct anthropogenic losses occurring in
six countries: Indonesia, Myanmar, Malaysia, the Philippines, Thailand, and Vietnam [11].
Although global mangrove deforestation rates have generally decreased, ranging between
0.16% and 0.39% per year [12], countries like Myanmar and Malaysia continue to face high
rates of loss, potentially increasing due to ambitious development plans [13].

Indonesia hosts the world’s largest mangrove area and is among the most species-
rich mangrove regions globally, with an estimated extent of 33,640 km2 (3.36 million ha)
in 2021 [14–16], representing about 24% of the global total [17]. The country supports
approximately 46 of the 70 known mangrove species [1] and plays an important role
in global climate change mitigation through its extensive mangrove carbon stocks [14].
However, Indonesia has experienced substantial mangrove loss, with about 261,141 ha
degraded between 2009 and 2019, primarily due to deforestation (182,091 ha, or 70%) and
ecosystem degradation (79,050 ha, or 30%) [17]. If this trend persists, Indonesia risks losing
key mangrove functions within the next century, jeopardizing ecosystem services such as
carbon sequestration [2]. Given that Indonesia harbors the largest mangrove area globally,
conserving these carbon-rich forests is important for sustaining their contribution to global
climate mitigation.

On Bangka Island in the Bangka Belitung Province, extensive mangrove loss has been
driven by human activities, including the conversion of mangroves for shrimp ponds,
settlements, and cumulative small-scale tin mining enterprises [10,18–21]. The island is
included in the national mangrove restoration initiative under Presidential Decree No.
120 of 2020, which set a target to restore 600,000 ha of mangroves by 2024 to enhance
community welfare. As part of this effort, the Ministry of Environment and Forestry
(MoEF) implemented a labor-intensive mangrove planting program under the National
Economic Recovery (PEN), targeting at least 500 ha in Bangka Selatan and Bangka Tengah
regencies [22]. Despite these efforts, only about 100 ha of mangroves on Bangka Island
have high restoration potential [23], highlighting the need for focused and well-planned
strategies for long-term success. Tracking mangrove changes is essential to evaluate
the effectiveness of restoration efforts, identify human and natural drivers, and assess
their impacts [24]. However, monitoring mangrove dynamics remains challenging due to
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persistent cloud cover, tidal dynamics, and limited access to historical optical satellite data
in tropical regions, which constrain the accuracy of assessments [24,25].

Accurate and timely mangrove mapping is necessary to assess the extent and rate
of loss before restoration plans are implemented, as well as to support policymaking,
planning, and resource management [26]. Additionally, identifying areas of gain and loss
informs the development and application of management and conservation strategies [27].
It also facilitates the estimation of primary production and carbon sequestration potential,
aiding in determining areas suitable for protection or sustainable use [28].

Remote sensing has become an important approach for mapping mangrove ecosystems
and monitoring their temporal dynamics because it enables consistent observation of coastal
environments across large spatial extents and long time periods. In Southeast Asia, satellite
imagery from the Landsat archive has been widely used to examine mangrove distribution
and long-term changes in mangrove cover. For example, studies in Malaysia have applied
Landsat time series analysis to assess mangrove regeneration and long-term dynamics of
mangrove ecosystems [29–31]. In Indonesia, several studies have used Landsat imagery
together with statistical and machine learning approaches, including decision tree and
Random Forest classification, to map mangrove forests and analyze changes in mangrove
extent [32–35]. Multi temporal Landsat observations have also been used to investigate
mangrove disturbance, regeneration, and ecosystem dynamics in different coastal regions.
These studies highlight the growing use of satellite time series analysis for understanding
mangrove change and have contributed to the development of several regional and global
mangrove mapping products.

Global mangrove mapping initiatives have employed a range of remote sensing
imagery, analytical approaches, and temporal frameworks to characterize mangrove dis-
tribution and change [10,36–38]. These datasets have advanced understanding of global
mangrove dynamics, supporting assessments of climate change impacts on mangrove ex-
tent and biomass [39], conservation status [40], and range shifts [41]. However, many global
and regional mangrove datasets rely on bi-temporal or decadal analyses, which limits their
ability to capture annual or interannual dynamics of mangrove change [24]. For example,
the Global Mangrove Watch (GMW; [10]) maps mangrove extent for discrete periods (1996,
2007–2010, 2015–2020), providing long-term coverage but limited temporal resolution for
capturing annual or interannual dynamics. Similarly, more recent datasets [38] focus on
contemporary extent, emphasizing current distribution rather than changes over time.

Challenges in monitoring mangrove dynamics are further compounded at the national
level, where mapping initiatives like the One-Map-Mangrove program and the Coastal
Areas and Small Islands Zoning Plan (RZWP-3-K) often focus on specific time periods
and are not publicly accessible. Limited long-term data on mangrove cover impedes
accurate monitoring and trend assessment. Consequently, policymakers often lack reliable
information on mangrove extent, and no continuous, province-level assessment exists for
Bangka Island.

Previous studies on mangrove mapping in Bangka and nearby islands have generally
been conducted at local scales or for limited observation periods [18,35,42–44]. These stud-
ies used various satellite sensors and analytical approaches, including Landsat-based NDVI
analysis, ASTER imagery, and UAV observations to map mangrove extent or vegetation
condition in specific locations. While these studies provide valuable insights into local man-
grove conditions, most focus on individual sites or a small number of observation years,
which limits the understanding of long-term mangrove dynamics across the entire island.

To address this gap, this study reconstructs a continuous annual mangrove extent
dataset for Bangka Island from 1994 to 2023 using the Landsat archive within Google Earth
Engine. By integrating multi-temporal satellite imagery, machine learning classification,
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and time-series change detection, the study provides the first island-wide long-term as-
sessment of mangrove dynamics on Bangka Island. The results reveal spatial patterns
of mangrove gain and loss and identify periods of disturbance and recovery, providing
information to support mangrove management and restoration planning in the region.

2. Materials and Methods
2.1. Study Area

The research area (Figures A1 and A2) covers the coastal mangrove ecosystems of
Bangka Island, Indonesia. Bangka Island comprises four regencies (Bangka Barat, Bangka
Tengah, Bangka Selatan, Bangka) and one city, Pangkalpinang, which serves as the provin-
cial capital. Covering an area of approximately 12,000 km2, Bangka Island is bordered by
the Gaspar Strait to the east, the Bangka Strait to the west, the Java Sea to the south, and the
Natuna Sea to the north [45]. The mangrove forests on this island represent approximately
70% of Indonesia’s mangrove species [46,47].

Bangka Island is classified as having an equatorial fully humid (Af) climate according
to the Köppen climate classification [48], with a dry season from June to October and a
rainy season from October to May [49]. The island’s average humidity is 82.3%, with an
atmospheric pressure of 1007.9 millibars, and an average temperature of 28.2 ◦C. Annual
rainfall is approximately 3012.9 mm, with 234 days of precipitation each year [45]. Situated
within the Sunda Shelf/Java Sea ecoregion [26], Bangka Island is not impacted by tropical
cyclones [50]. Hotspots of tropical cyclone- and sea-level-rise risk in Southeast Asia occur
mainly in the Philippines, Vietnam, Malaysia, and only certain parts of Indonesia [51].
The tidal range varies between 2 m and 3 m, and over the last 25 years, sea level around
Indonesia has risen at an average rate of 4.5 mm yr−1 [52,53].

2.2. Data
2.2.1. Landsat Images

Remote sensing analyses were performed using the Google Earth Engine (GEE) plat-
form (https://code.earthengine.google.com/, accessed on 13 June 2024). The study area
covered four Landsat World Reference System 2 (WRS-2) path/rows tiles: 122/61, 123/61,
123/62, and 124/61 (Figure A1). A total of 5083 Landsat surface reflectance (SR) Level 2, Col-
lection 2, Tier 1 images were acquired for the period from 1994 to 2023. These datasets, avail-
able as image collections on GEE, comprise atmospherically corrected surface reflectance
and land surface temperature products derived from the Landsat Thematic Mapper (TM),
Enhanced Thematic Mapper Plus (ETM+), and Operational Land Imager/Thermal Infrared
Sensor (OLI/TIRS) sensors (Table A1).

2.2.2. Data for Accuracy Assessment

The following global mangrove products were used for accuracy assessments:
(1) Global Mangrove Forests Distribution (GMFD; [54]), (2) the Global Mangrove Watch
v3.0 (GMW; [10]), and (3) High-resolution Global Mangrove Forests (HGMF_2020; [38]).
The GMFD map, derived from Landsat 5 TM and Landsat 7 ETM+ data, employed a
combination of supervised and unsupervised digital image classification techniques to map
mangrove forests [54]. Because a globally consistent validation dataset was not available
for this product, its evaluation relied mainly on comparisons with existing regional datasets
and visual inspection using high-resolution satellite imagery available in Google Earth [54].

GMW utilized L-band Synthetic Aperture Radar (SAR) data from the Japan Aerospace
Exploration Agency (JAXA) across 11 epochs (1996–2020), updating the baseline map
(GMW v2.5) through a combination of thresholding techniques and a contextual mangrove
change mask, thereby creating a detailed time series of mangrove extent changes [10]. The
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GMW v3.0 dataset has been independently validated and reported an overall accuracy of
about 93% for global mangrove extent mapping [10].

HGMF_2020 used object-based image analysis (OBIA) and random forest classifi-
cation on Sentinel-2 composite images, allowing for high-resolution global mangrove
mapping [38]. The dataset reported an overall accuracy of 95.2%, with user’s accuracy and
producer’s accuracy for the mangrove class of 91.8% and 90.3%, respectively. Indepen-
dent validation using bootstrapping further reported an overall accuracy of 93.6% (95%
confidence interval: 91.4–95.7%). Mapping errors were mainly associated with confusion
between mangrove forests and other coastal wetlands in some tropical regions [38]. In
addition, sampling sites from ecological assessments [47] and Google Earth imagery were
used as supporting reference data for validation.

2.3. Data Processing

The data processing workflow (Figure 1) includes pre-processing steps such as defining
area of interest (AOI), cloud-free image composites generation, elevation masking, data
filtering, AOI subsetting, spectral index computation, and training samples generation.
This is followed by annual mangrove extent classification, accuracy assessment, change
detection analysis, and LandTrendr analysis.

 

Figure 1. Flowchart of the methodology with an overview of the datasets used and the classification
and change-detection process. The LandTrendr schematic is adapted from https://emapr.github.io/
LT-GEE/imgs/segment_attributes.png, accessed on 13 June 2024.

2.3.1. Data Pre-Processing

1. Defining AOI

To ensure accurate analysis, AOI was defined using a combination of a coastline
map of Bangka Island (https://tanahair.indonesia.go.id/portal-web/unduh, accessed on
13 June 2024), mangrove maps generated from rapid mapping using several mangrove
indices, and global mangrove forest datasets. The coastline map served as the base layer
to establish the coastal boundary, providing a geographical foundation for identifying
potential mangrove areas. Mangrove maps from rapid mapping efforts were then overlaid
with three global datasets—Global Mangrove Forest Distribution (GMFD; [54]), High-
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resolution Global Mangrove Forests (HGMF_2020; [38]), and Global Mangrove Watch v3.0
(GMW; [10]), to compare and assess the spatial extent of mangroves.

Areas consistently identified as mangrove-covered across these datasets were prior-
itized, and any discrepancies between local and global data were carefully reviewed to
refine the AOI boundaries. A 30 m buffer was applied to further extend the AOI, ensuring
that areas where mangrove forests are likely to occur were included. It is worth noting that
the buffer value was determined through numerous trials and errors to ensure that the AOI
accurately encompassed the mangrove area.

2. Cloud-free image composites and elevation masking

Landsat datasets include a QA_PIXEL band, which contains pixel quality information
derived from the CFMASK algorithm. This band is used to identify and exclude pixels
affected by shadows, snow, or cloud cover, ensuring that only high-quality, cloud-free
pixels are used in the analysis [55]. The cloud masking process for Landsat TM, ETM+, and
OLI/TIRS sensors can be accessed through the following links: Landsat TM/ETM+ and
Landsat OLI/TIRS.

To reduce image noise, the GEE median function was employed. The median compos-
ite was used to generate stable annual spectral representations of mangrove canopies by
reducing residual cloud contamination, tidal variability, and extreme reflectance values that
commonly occur in optical satellite imagery in tropical coastal environments. This function
generates a composite image where each pixel value is the median of all unmasked pixels
from the input stack for each band, resulting in noise-free median images devoid of extreme
values [56]. Subsequently, median images were masked for the low-elevation coastal zone
(LECZ), defined by elevations ≤ 40 m, which is a widely recognized criterion for delineating
areas conducive to mangrove presence [57]. The elevation data for this study were sourced
from Digital Elevation Model Nasiona (DEMNAS), which combines inputs from IFSAR,
TERRASAR-X, and ALOS PALSAR, and is accessible through the Geospatial Information
Agency website (https://tanahair.indonesia.go.id/portal-web/unduh, accessed on 13 June
2024), which provides high-resolution elevation data for accurately delineating the LECZ.
The LECZ mask was used solely as a spatial constraint to exclude inland areas, rather than
to represent the actual tidal elevation of mangroves.

3. Data filtering and AOI subset

Annual cloud-free image composites incorporating all visible and infrared bands
were then generated for each observation year, covering the period from 1 January
to 31 December, using Landsat (SR) Level 2, Collection 2, and Tier 1 data. These sur-
face reflectance products are atmospherically corrected and designed to provide consistent
reflectance measurements across Landsat sensors (TM, ETM+, and OLI/TIRS), enabling
comparable spectral information to be used throughout the time series. To account for
frequent cloud cover, the study period was extended by at least one year prior to the
initial year, except when clear images were available (Table A2), assuming the mangrove
area under clouds or shadows remained unchanged. When cloud-free observations were
insufficient for a given year, imagery from up to two preceding years was included in
the compositing process to ensure sufficient valid pixels for generating stable median
composites. A spatial clipping operation was performed to define the precise AOI within
the images before analysis.

4. Identification of potential mangrove areas/regions

Several spectral indices were applied to the annual cloud-free composite images for
image masking and classification (Table A3). For masking, the following spectral indices
were used: Enhanced Vegetation Index (EVI), Modified Normalized Difference Water Index
(MNDWI), Normalized Difference Vegetation Index (NDVI), and Land Surface Water Index
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(LSWI). Mangrove forests were identified using two main indicators: canopy cover (high
leaf area index) and tidal inundation. Mangrove forest canopy coverage was determined
using the thresholds NDVI > 0.3 and LSWI > 0.3. Tidal inundation was identified based on
the condition LSWI ≥ EVI or LSWI ≥ NDVI [58] and MNDWI > −0.5. This step, combined
with elevation masking, focused on identifying potential mangrove regions by selecting
vegetated areas near water bodies and within suitable elevation ranges where mangroves
are more likely to be found (Figure A3).

The images were then displayed using a false color composite (FCC), combining the
Near-Infrared (NIR), Shortwave Infrared 1 (SWIR1), and Red bands (Table A4). This band
combination enhances the visual distinction between vegetation and other land cover
types, making it suitable for identifying mangrove and non-mangrove areas [59]. The
FCC was used to delineate sampling areas based on distinct spectral and spatial patterns
characteristic of mangroves and non-mangroves (e.g., built-up areas, water bodies, and
bare land).

To ensure a comprehensive and representative sample, a total of 850 sampling areas
were manually defined, comprising 500 mangrove and 350 non-mangrove areas, using
visual interpretation and expert knowledge. The sampling polygons were distributed
across the coastal zone within the AOI to capture the spatial variability of mangrove and
non-mangrove land cover types in the study area. Because mangrove areas occupy a larger
proportion of this zone, a larger number of samples were assigned to the mangrove class.
Each sampling area was categorized as either mangrove or non-mangrove, with careful
consideration of the spectral signatures and contextual information from the surrounding
landscape. These sampling areas were used as training data for classification and further
analysis. It is important to note that this sampling process was conducted exclusively for
the initial observation year (1994), which serves as the reference classification image for
subsequent analyses (Figure A4).

2.3.2. Mangrove Classification

Although Landsat satellites were launched in the 1970s, the earliest available image of
Bangka Island dates back to 1989 and covers only a small portion of the island. To address
these limitations, 1994 was chosen as the baseline year, as it offers complete coverage of
the island with minimal cloud interference, providing high-quality data for more reliable
analysis. During the pre-processing step (Section 2.3.1), sample areas for mangrove and
non-mangrove regions were generated. Of these samples, 80% were allocated for training
and 20% for testing, with the training set consisting of 56,263 pixels and the testing set
consisting of 14,159 pixels.

A random forest classifier was then employed for classification, configured with
100 trees and 5 splits to balance performance and computational efficiency. Additional tests
using a larger number of trees (200) produced similar validation accuracy, indicating that
increasing the number of trees did not significantly improve classification performance. The
approach used in this study follows the method described by Barenblitt and Fatoyinbo [60],
with modifications to the predictors. Spectral features, including surface reflectance (SR),
Bands 3, 4, and 5, and indices such as NDVI, MNDWI, Green Chlorophyll Vegeta-tion
Index (GCVI), EVI, Automatic Mangrove Map and Index (AMMI), Mangrove Index (MI),
Modular Mangrove Recog-nition Index (MMRI), and Mangrove Vegetation Index (MVI)
(Table A3), were used as predictors for the model.

The classification process produced an annual binary map with two classes: 1 for
mangrove area and 0 for non-mangrove area. To reduce noise in the classification im-
ages, connected pixels filtering was applied to eliminate isolated mangrove pixels [60].
This method effectively eliminates small, isolated pixel clusters that are less likely to
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represent actual mangrove areas, thereby improving the overall classification accuracy.
After training the random forest model on the 1994 dataset, it was applied to the annual
image composites for each year from 1995 to 2023, producing annual mangrove extent
maps. These predictors are derived from Landsat surface reflectance bands that are con-
sistently available across TM, ETM+, and OLI/TIRS sensors, allowing the classification
model trained using the 1994 dataset to be applied to subsequent years while maintaining
comparable spectral information.

2.3.3. Accuracy Assessment

An independent accuracy assessment of the developed maps was conducted in QGIS
software (v3.40.4 “Bratislava”; QGIS Development Team; https://qgis.org, accessed on
10 May 2024) using the Class Accuracy plugin. This process involved visual evaluation
against available global mangrove datasets, Google Earth imagery, sampling sites from eco-
logical assessment [47], and false color composites for each year. To evaluate classification
accuracy, 150 stratified random samples were generated for each class (mangrove and non-
mangrove) in every year, yielding 9000 samples across the 30-year period. Sample points
were buffered by 15 m to account for resolution discrepancies, spatial misalignments, and
edge effects between Landsat imagery and the reference data [60]. The evaluation involved
generating a confusion matrix to derive overall accuracy (OA), producer accuracy (PA),
and user accuracy (UA) metrics. This assessment was performed for annually produced
mangrove maps. For additional validation, the developed mangrove maps were overlaid
onto the respective Landsat scenes to visually assess their alignment.

2.3.4. Change Detection

Two approaches were employed for change detection: map-to-map and map-to-image
using NDVI anomaly data according to the approaches described by Thomas et al. [61]
and de Sousa et al. [62]. These two approaches were used to provide complementary
perspectives on mangrove dynamics: the map-to-map method identifies categorical changes
in mangrove extent, while the map-to-image approach evaluates changes in vegetation
condition that may not yet appear as complete class transitions.

In the map-to-map approach, changes were identified by subtracting the mangrove
extent map at year 1 (Y1) from the extent map at year 2 (Y2). To leverage the available
30-year dataset for a balanced assessment and effectively capture significant changes, seven
periods of map-to-map change detection were performed at five-year intervals (1994–1999,
1999–2004, 2004–2009, 2009–2014, 2014–2019, and 2019–2023), as well as over a 30-year span
(1994–2023). In the raster change analysis, pixels were categorized into three classes: −1
for mangrove loss, 0 for no change, and 1 for mangrove gain. Additionally, land cover in
these regions was classified using a cloud-free composite image from 2023 to help identify
the potential drivers of mangrove loss, supported by visual interpretation and comparison
with high-resolution imagery available in Google Earth.

In contrast, the map-to-image approach used the 1994 baseline mangrove extent
map to assess changes against a 2023 image, with change classes defined by specific
threshold values. A change threshold of −0.2 was used to indicate significant mangrove
loss, following a previously defined criterion [11]. This threshold reflects substantial
decreases in NDVI values, which are typically associated with long-term or irreversible
vegetation loss, such as deforestation or permanent land-use conversion. This method was
selected due to minor but potentially significant differences in the spectral characteristics
of the Landsat TM/ETM+ and OLI sensors, particularly in the near-infrared (NIR) and
shortwave infrared (SWIR) bands, which are crucial for vegetation studies.
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To account for these differences, the statistical transformations provided by Roy
et al. [63] were applied to harmonize the spectral data between the TM/ETM+ and
OLI/TIRS sensors, ensuring consistent spectral information and temporal continuity across
datasets [62]. The harmonized Landsat TM/ETM+/OLI/TIRS collection was then used
to derive NDVI anomaly-based changes in mangrove extent over the 30-year period from
1994 to 2023 on Bangka Island. In this context, an NDVI anomaly represents the difference
between the NDVI value for a given time period and its long-term average. When the
anomaly is close to zero, it indicates stable vegetation cover with no significant disturbances
or changes. A positive NDVI anomaly indicates higher-than-average values, suggesting
vegetation growth. Conversely, a negative anomaly reflects lower-than-average values,
signaling potential vegetation loss or degradation [62].

2.3.5. LandTrendr Analysis

The map-to-map change detection results from 1994 and 2023, highlighting areas of
mangrove loss and gain, were utilized to assess the timing of these changes (disturbance
and recovery) using LandTrendr (Landsat-based Detection of Trends in Disturbance and
Recovery), with Landsat observations beginning in 1984 to provide sufficient historical
observations for identifying disturbance and recovery trajectories in the time-series analysis.
NDVI was used as the primary spectral index to detect and track changes in mangrove
area over time, as it effectively captures vegetation health and density. Areas identified
as experiencing mangrove loss or gain were used as the focus for LandTrendr analysis,
enabling the temporal assessment of when these changes occurred.

LandTrendr is a time-series analysis algorithm that tracks land cover changes over
extended periods using Landsat satellite data. It segments satellite imagery into temporal
change trends, enabling the identification of patterns such as deforestation, regrowth,
or other shifts in land cover [64]. Although originally developed for forest disturbance
monitoring, LandTrendr has also been applied to mangrove change analysis [24,65].

3. Results
3.1. Accuracy Assessment of Annual Mangrove Area Maps for Bangka Island

The mangrove area maps produced for each year of the study (1994–2023) demonstrate
high accuracy, as evidenced by comparisons with global mangrove datasets and false-color
composite images for each corresponding year. The overall accuracy (OA) ranges from 94%
to 98.7%. Both producer accuracy (PA) and user accuracy (UA) are between 90% and 100%
(Table A5). These results indicate that the classification accuracy remained consistently
high across the 30-year time series.

3.2. Baseline Map and Spatial Distribution of Mangrove Forests on Bangka Island

A total of 48,120.88 ha of mangrove forest was classified in the baseline map of
Bangka Island. There is no global mangrove dataset available for comparison with the
1994 baseline map, as the earliest dataset dates from 1996 [10]. The baseline map shows
that mangroves on Bangka Island are concentrated around river mouths, small islands,
and cover extensive areas in the northern and western parts. Additionally, a significant
portion of these mangroves are located within protected and conserved zones, particularly
in Bangka Barat and Bangka regencies (Figure 2).
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Figure 2. Baseline map of mangrove distribution on Bangka Island (1994). The map illustrates
the spatial distribution of mangrove forests across Bangka Island, with notable concentrations in
Bangka Barat, Bangka Tengah, Bangka, Bangka Selatan, and the city of Pangkalpinang. Red boxes
(A–F) indicate selected observation areas used for detailed analysis.

3.3. Comparison of Annual Maps from Various Global Datasets

The classified extent successfully identified mangrove areas that were missing in most
global datasets. Notably, there are significant differences in the total area of mangroves
between the maps generated in this study and those from global datasets (Table 1 and
Figure 3). For example, the total area of mangroves mapped in this study for 2015 was
17.53% greater than that reported by GMW v3 [10], with considerable discrepancies ob-
served at specific sites such as Panjang Island in Bangka Tengah regency. The difference
with GMFD [54] was smaller (2.86%), yet it still failed to capture areas such as Kayuanak
Island in Bangka regency. The World Atlas of Mangroves (WAM) [4] dataset exhibited
the largest discrepancy, with a 25.91% difference compared to the 2010 map from this
study. The most recent dataset available at the time of analysis, HGMF_2020 [38], showed
a 5.11% difference from the 2020 map in this study and did not include the small island
of Seniur Island, which has been reported as a mangrove area in previous studies [47].
These discrepancies likely reflect differences in mapping methods, spatial filtering, and
the observation years represented by each dataset. The visualization of annual mangrove
maps, alongside global datasets, can be accessed through the following Google Earth En-
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gine (GEE) apps: Mangrove Bangka Map 1 (https://sucipuspita1332.users.earthengine.
app/view/mangrovebangka, accessed on 30 January 2026) and Mangrove Bangka Map
2 (https://sucipuspita1332.users.earthengine.app/view/mangrovebangka2, accessed on
30 January 2026) (Figures A8 and A9).

Table 1. Annual mangrove extent (ha) and comparison with selected global datasets.

Year This Study GMW v3 HGMF_2020 GMFD WAM Difference (%)

1994 48,120.88 – – – – –
1995 47,859.13 – – – – –
1996 48,062.04 40,981.37 – – – 17.28
1997 47,841.29 – – – – –
1998 47,776.57 – – – – –
1999 48,008.21 – – – – –
2000 48,188.39 – – 46,850.63 – 2.86
2001 48,211.61 – – – – –
2002 47,623.71 – – – – –
2003 47,620.20 – – – – –
2004 47,650.14 – – – – –
2005 48,175.77 – – – – –
2006 47,800.56 – – – – –
2007 48,014.46 40,490.55 – – – 18.58
2008 47,686.81 40,286.81 – – – 18.37
2009 47,814.70 40,244.37 – – – 18.81
2010 48,147.23 40,438.49 – – 38,238.12 19.06; 25.91
2011 47,602.48 – – – – –
2012 48,160.12 – – – – –
2013 48,569.56 – – – – –
2014 47,556.87 – – – – –
2015 47,456.81 40,379.15 – – – 17.53
2016 46,824.08 40,247.93 – – – 16.34
2017 46,495.22 40,157.53 – – – 15.78
2018 46,714.60 40,040.52 – – – 16.67
2019 47,484.93 39,819.68 – – – 19.25
2020 47,216.68 39,671.16 44,922.92 – – 19.02; 5.11
2021 47,020.85 – – – – –
2022 47,119.84 – – – – –
2023 47,065.04 – – – – –

Note: GMW v3 = Global Mangrove Watch version 3; HGMF_2020 = High-resolution Global Mangrove Forests
(2020); GMFD = Global Mangrove Forest Distribution; WAM = World Atlas of Mangroves.

3.4. Change Detection
3.4.1. Map-to-Map

Assessment of mangrove area change at five-year intervals (1994–1999, 1999–2004,
2004–2009, 2009–2014, 2014–2019, and 2019–2023) and over a 30-year period (1994–2023)
reveals a general decline in mangrove area compared to the baseline map (Table 2 and
Figure 4). Despite a gain of 4956.39 ha (10.30% of the baseline) over the 30-year period, the
trend shows a decrease in mangrove extent, with a net loss of 1055.85 ha. This decline is
uneven and varies across different regions, with specific areas showing distinct patterns
of change. The only positive net change occurred during the period 2004–2009, when
mangrove gain slightly exceeded mangrove loss (Table 2).
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Figure 3. Comparison of mangrove extent between the baseline map generated in this study and
selected global mangrove datasets for three selected comparison areas: (A) Seniur Island (2020),
(B) Panjang Island (2015), and (C) Kayuanak Island (2000). Red boxes indicate the spatial boundaries
used for comparison. For each site, the upper panels show global datasets (GMFD, GMW, and
HGMF), while the lower panels show results from this study for the corresponding year [10,38,54].

Table 2. Mangrove gain and loss at five-year and 30-year intervals on Bangka Island.

Period Net Change (ha) Gain (ha) Loss (ha) Gain (%) Loss (%)

1994–1999 ↓ 112.67 3385.48 3498.15 7.04 7.27
1999–2004 ↓ 358.07 2451.99 2810.06 5.11 5.85
2004–2009 ↑ 164.56 2941.36 2776.79 6.17 5.83
2009–2014 ↓ 257.83 2816.44 3074.27 5.89 6.43
2014–2019 ↓ 71.94 2864.25 2936.19 6.02 6.17
2019–2023 ↓ 419.90 2490.46 2910.35 5.24 6.13
1994–2023 ↓ 1055.85 4956.39 6012.23 10.30 12.49

Note: ↓ (decreasing); ↑ (increasing).
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Figure 4. Mangrove gain, loss, and no change on Bangka Island over the 30-year study period.
Island-wide patterns are shown in the main map, with panels (A–F) illustrating detailed changes
within the selected observation areas.

The observed changes in mangrove area occur in both seaward and landward di-
rections, reflecting both expansion and loss of mangrove areas. Drivers of mangrove
loss include conversion to water bodies, non-mangrove vegetation, tin mining, bare land,
and the development of aquaculture ponds (Table 3 and Figure 5). These land-use types
were identified through visual interpretation of the 2023 Landsat composite and sup-
porting high-resolution imagery available in Google Earth. For instance, in the Bangka
Barat (Tanjung Punai) and Bangka Tengah regencies, mangrove expansion of approxi-
mately 500 m and 200 m, respectively, has been documented over the 30-year study period
(Figure 4A,B). Conversely, in Bangka Barat regency, mangrove loss due to erosion has
resulted in a ca. 200 m reduction (Figure 4A). Additionally, in Bangka regency, mangrove
areas have decreased due to tin mining activities that have progressively expanded from
the seaward to the landward side (Figure 4C).
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Table 3. Drivers of mangrove loss over 30-year intervals (1994–2023) on Bangka Island.

Change Area (ha)

Mangrove—Water body 2569.11
Mangrove—Non-mangrove 1811.57

Mangrove—Bare land 239.80
Mangrove—Aquaculture ponds 49.94

Mangrove—Mining area 1341.81
Total 6012.23

Figure 5. Mangrove area changes on Bangka Island between 1994 and 2023, highlighting key drivers
of mangrove loss. Changes are shown island-wide for spatial context, while panels (A–F) present
detailed patterns within the selected observation areas. The observation areas represent major regions,
including Bangka Barat (A,F), Bangka Tengah (B), Bangka (C,E), and Pangkalpinang (D).

3.4.2. Map-to-Image

The change detection analysis based on NDVI anomaly revealed variations in man-
grove extent over 30-year period (Figure 6). By comparing the NDVI values from different
time intervals with the long-term average, areas with both positive and negative anomalies
were identified. Areas with positive NDVI anomalies, where current values exceeded
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the long-term average, indicated zones of mangrove growth or recovery. For example, in
Bangka Barat and Bangka Tengah regencies (Figure 6A,B), these positive anomalies corre-
sponded to mangrove expansion, primarily towards the sea. Conversely, negative NDVI
anomalies, where current values fell below the long-term average, highlighted regions
experiencing mangrove loss or degradation. In areas such as Bangka and Bangka Barat
regencies (Figure 6C,F), this loss was associated with factors such as tin mining operations.
These NDVI anomaly results complement the map-to-map change detection by providing
additional information on vegetation condition changes that may not immediately appear
as a complete class transition in mangrove extent maps.

Figure 6. NDVI anomaly–based change detection on Bangka Island over the 30-year period
(1994–2023). NDVI anomalies are shown island-wide for spatial context, while panels (A–F) present
detailed anomaly patterns within the selected observation areas indicated in the main map.

3.5. LandTrendr Analysis for Detecting Disturbance and Recovery Periods

The LandTrendr analysis identified the periods of mangrove change due to distur-
bance and recovery on Bangka Island. For example, mangrove expansion in Bangka
Barat and Bangka Tengah regencies occurred between 1989 and 1993 and has contin-
ued since then, as evidenced by map-to-map and NDVI anomaly change detection
(Figures 6A,B and 7A,B). Conversely, mangrove loss in Bangka regency, attributed to
tin mining activities, has been ongoing since 1996 (Figure 7C,F). Since LandTrendr detects
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disturbance and recovery trajectories at the pixel level, disturbance and recovery events may
occur simultaneously in different locations across the study area. However, LandTrendr
was unable to detect the disturbance period related to erosion along the shoreline of Bangka
Barat regency. This is likely because the erosion process is associated with shoreline retreat
and sediment dynamics rather than abrupt changes in vegetation canopy, resulting in a
weak NDVI signal that cannot be clearly segmented by the LandTrendr algorithm.

Figure 7. Detection periods of mangrove recovery and disturbance on Bangka Island over the 30-year
study period (1994–2023). Areas of disturbance (yellow boxes) and recovery (red boxes) are indicated
on the island-wide map for spatial context, while panels (A–F) present detailed patterns within
selected observation areas: (A) Bangka Barat; (B) Bangka Tengah; (C) Bangka; (D) Pangkalpinang;
(E) Bangka Selatan; and (F) Bangka Barat.

4. Discussion
This study conducted Landsat-based diachronic mapping of mangroves on Bangka

Island over a 30-year period (1994–2023). The objective was to establish a 1994 baseline
mangrove area map and analyze historical changes by comparing global datasets with
the annual maps developed in this study. Changes in mangrove area were assessed using
both map-to-map and map-to-image change detection approaches. Map-to-map change
detection identified regions of mangrove gain and loss, which were further examined
to determine spatial patterns and potential drivers. Results of the map-to-map analysis
guided the delineation of areas of interest (AOIs) for NDVI anomaly-based map-to-image
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assessment, where negative anomalies indicated loss and positive anomalies reflected
growth or recovery.

LandTrendr analysis was employed to determine the timing of mangrove area changes,
although it was less effective in identifying specific drivers. Nevertheless, the analysis
revealed consistent periods of mangrove expansion beginning in 1989 and continuing
throughout the study period. Overall, the findings provide a comprehensive assessment
of mangrove area dynamics on Bangka Island, shaped by both natural processes and
anthropogenic influences.

4.1. Accuracy Assessment of the Mangrove Extent Map for Bangka Island

The high accuracy of the annual mangrove maps can be attributed to precise AOI
delineation, elevation masking, and a knowledge-based approach to collecting training
samples prior to classification. Accurate AOI delineation focuses the analysis on areas
where mangroves are likely to occur, reducing the inclusion of irrelevant land cover types.
Although threshold-based maps have limitations in terms of misclassification, they remain
valuable for identifying potential mangrove areas. These resources support the sampling
process by facilitating mangrove detection, simplifying the generation of training samples,
and defining AOI for further analyses.

The accuracy assessment results indicate consistently high classification performance
throughout the study period, with overall accuracy ranging from 94% to 98.7%. Producer ac-
curacy for the mangrove class remained particularly high, generally above 97%, indicating
that most reference mangrove pixels were correctly identified by the classifier. This suggests
that omission errors for mangrove areas were minimal across the 30-year time series.

Elevation masking excludes areas at unsuitable elevations, as mangroves typically
occur in low-lying coastal zones subject to tidal inundation. Additionally, indices such
as LSWI and MNDWI filter out water features [66,67], while NDVI and EVI distinguish
vegetation from non-vegetated land covers [68]. These preprocessing steps refine the
dataset, focusing the analysis on vegetation within appropriate coastal zones. By applying
these filters prior to classification, misclassifications are minimized, and the workflow is
streamlined to detect actual mangrove pixels, improving overall accuracy.

Despite the high accuracy obtained in this study, some uncertainty may remain in
heterogeneous coastal environments where mangroves occur alongside other vegetation
types or transitional land covers. Spectral similarities between mangroves and surrounding
vegetation, such as shrubs, aquaculture ponds with vegetation, or sparsely vegetated tidal
flats, can introduce minor classification ambiguities in optical satellite imagery. How-
ever, these cases represent a relatively small proportion of the mapped area and did not
substantially affect the overall classification performance.

In this context, the Random Forest (RF) classifier has been widely used for mangrove
mapping because of its ability to distinguish complex spectral patterns across multiple pre-
dictors. Previous studies have demonstrated its effectiveness in identifying and classifying
mangrove forests using various satellite imagery and data inputs. For instance, integrating
seasonal optical and synthetic aperture radar (SAR) data from Sentinel-1 and Sentinel-
2 satellites for mapping mangrove ecosystems in the Hara protected area, Qeshm, Iran,
achieved an overall accuracy of approximately 93.3% [69]. Furthermore, combining RF with
other methods or indices, such as the MVI, MMRI, elevation data, and knowledge-based
approaches, has been shown to improve the detection of mangrove changes, highlighting
the benefits of integrating RF classification with additional spectral indices and auxiliary
data [32,33,58,70–72].
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4.2. Baseline Map and Spatial Distribution of Mangrove Forests on Bangka Island

The baseline map shows that mangrove coverage is primarily concentrated in the
northern and western parts of Bangka Island. These regions include several areas officially
designated as conserved and protected forests (Figure A1). The 2023 land cover map
further indicates that areas adjacent to and within mangrove habitats are impacted by
tin mining activities. Tin mining, a long-standing and economically important industry
on Bangka Island, has likely altered mangrove extent over time. Because historical doc-
umentation on these impacts is limited, satellite-based observations provide important
evidence for reconstructing land-use history and assessing the long-term effects of mining
on mangrove ecosystems.

4.3. Comparison of Annual Maps from Various Global Datasets

Notable discrepancies were observed between the annual mangrove maps produced
in this study and existing global datasets (Table 1 and Figure 3). These differences likely
reflect variations in satellite data sources, spatial resolution, mapping approaches, and the
temporal coverage of the datasets. Global products are typically designed for large-scale
applications, which may limit their ability to capture smaller or fragmented mangrove
patches in complex coastal environments. At the same time, very small or sparsely vege-
tated mangrove stands may remain difficult to detect even in locally derived maps using
optical satellite imagery.

Because global mangrove datasets are widely used in research and decision-making,
such inconsistencies can influence analytical outcomes and potentially affect management
decisions. For example, discrepancies in mapped mangrove boundaries may influence
the identification of priority areas for restoration or protection, particularly in small is-
lands or fragmented coastal zones. In this context, locally derived mangrove maps can
complement global datasets by providing additional spatial detail to support site-level
planning and monitoring.

Accurate mangrove maps support the detection of area change, modelling of species
distribution shifts, and the development of targeted conservation strategies [73,74]. Their
practical importance is evident in applications worldwide: in Senegal, mapping has guided
reforestation by clarifying zonation patterns, while in China, fine-scale assessments have
revealed fragmented patches that shape local conservation planning [75,76]. These maps
play a central role in monitoring and management, and their value increases when paired
with local ecological knowledge.

4.4. Change Detection

The assessment of mangrove area changes over five-year intervals and a 30-year
period (1994–2023) through map-to-map change detection reveals a complex pattern of
mangrove dynamics. Although mangroves expanded by 4956.39 ha, representing a 10.30%
gain relative to the baseline (1994), mangrove loss during the same period resulted in an
overall net decline in mangrove extent (Table 1 and Figure 4).

Results reveal important temporal and spatial variability in mangrove area change.
An exception to the general declining trend occurred during the 2004–2009 period, when
mangrove gain slightly exceeded mangrove loss (Table 2). The spatial distribution of these
gains indicates that they were mainly associated with seaward expansion in several coastal
areas, including Bangka Barat and Bangka Tengah. Such expansion may reflect favorable
local coastal conditions, including sediment deposition and natural mangrove colonization
during that period.

For example, in the Bangka Barat (Tanjung Punai) and Bangka Tengah regencies,
mangroves have expanded seaward by approximately 500 m and 200 m, respectively, over
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the 30-year period (Figure 4A,B). This seaward expansion could be attributed to successful
conservation efforts or other favorable ecological processes. Notably, Tanjung Punai, where
significant expansion is observed, is one of the sampling sites included in the previous
ecology study [47]. This site is dominated by Sonneratia alba, a species whose presence
and expansion in seaward zones indicates regular saltwater inundation and ongoing silt
deposition [77], a process possibly reduced or reversed by sea level rise.

In contrast, substantial mangrove loss has been observed in other areas, particularly
in Bangka Barat regency, where erosion has resulted in a reduction in mangrove area by
approximately 200 m (Figure 5A). Additionally, in Bangka regency, the expansion of tin
mining activities from inland to offshore has strongly decreased mangrove area (Figure 5C),
highlighting the detrimental effects of human activities on mangrove ecosystems. Addition-
ally, tin mining operations are typically conducted near water bodies because the extraction
process involves washing tin sand, which requires a water source (Figure A5). This process
releases effluent into nearby rivers and coastal waters, leading to increased sedimentation
and water contamination. Persistent tin mining may further alter hydrological conditions,
leading to increased saltwater intrusion, altered mangrove composition, and potential
landward shift (Figure A6). It should also be noted that mangrove decline may involve not
only areal loss but also changes in species composition or ecological condition, which are
not captured by the mapping approach used in this study.

Changes in mangrove area, whether expansion seaward or landward, are also seen in
other regions globally. For example, seaward expansion has been reported in the Gulf of
Carpentaria, Australia [78], Porong River, East Java [79], the coastline of Demak, Central
Java [80], Parita Bay, Panama [81], and the Nanliu River estuary, China [82]. Conversely,
landward expansion has been observed in the conterminous United States (CONUS) over
approximately 35 years [83], in Amazon coastal wetlands [84], and along the Texas Gulf
Coast [85].

Mangrove gain and loss are influenced by a range of factors, depending on local
conditions. In East Africa, for instance, mangroves have demonstrated potential for land-
ward shift under moderate sea level rise scenarios, though extreme rises could lead to
significant loss, specifically in areas of future coastal squeeze [86]. Similarly, in the Amazon,
mangroves have expanded into higher tidal flats in response to rising sea levels, but this
expansion is limited by topographical constraints [87]. In South Africa, substrate elevation
changes and sea storm events have been shown to influence mangrove distribution, with
potential habitat loss occurring if sediment accretion is insufficient [88]. While increased
inundation may enhance sedimentation rates and help some mangrove areas maintain their
elevation relative to rising sea levels, insufficient sediment supply can result in mangrove
drowning and erosion [89,90].

Climate change significantly impacts mangrove distribution by altering the hydrolog-
ical cycle, which increases saltwater intrusion into previously freshwater areas, thereby
promoting mangrove growth [84]. Increased tidal inundation can also facilitate landward
expansion by reducing porewater salinity, which is beneficial for mangroves [87]. Addition-
ally, milder winters and rising sea levels support the poleward shift of mangroves at range
limits [83,91]. Other contributing factors include sediment accumulation, mangrove plant-
ing efforts, and changes in rainfall patterns, which can drive both seaward and landward
expansion [78,81]. Conversely, severe erosion due to sea level rise has led to significant
mangrove loss in some regions, with human activities being a factor in recent times [92].
For example, long-term shoreline analysis at Mui Ca Mau, Vietnam, revealed sustained
erosion rates exceeding 30 m yr−1 along the exposed East Sea coast, resulting in extensive
mangrove retreat, while simultaneous accretion on the sheltered Gulf of Thailand coast
promoted mangrove expansion [93].
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4.5. Study Implications

This study supports effective mangrove management by mapping patterns of loss
and gain and identifying potential drivers. The resulting mangrove change database
(https://sucipuspita1332.users.earthengine.app/view/mangrovebangka (accessed on
30 January 2026) for Mangrove Bangka Map 1 and https://sucipuspita1332.users.
earthengine.app/view/mangrovebangka2 (accessed on 30 January 2026) for Mangrove
Bangka Map 2) provides a foundation for assessing the impacts of human and natural
influences, tracking distribution shifts, and predicting future trends [83,87]. Differences
between mangrove maps produced in this study and existing global datasets also have
practical implications for coastal management. In several locations, particularly small
islands and fragmented coastal zones, the global datasets did not capture some mangrove
areas that were identified in the annual maps developed here. Such differences may influ-
ence how restoration or protection priorities are determined, especially when mangrove
distribution is used to guide site selection for rehabilitation programs. Locally derived
maps can therefore provide additional spatial detail that helps managers better identify
areas that require conservation or restoration.

On Bangka Island, many rehabilitation and restoration projects have been imple-
mented without adequate site assessments and relied heavily on monospecific planting.
Integrating insights from this database with detailed field evaluations can support more
suitable site selection, guide species choices, and promote ecologically sound restoration
strategies. Continued mapping and monitoring will be necessary to refine these approaches
and strengthen long-term mangrove management.

4.6. Study Limitation

While this study achieved high accuracy in detecting mangrove extent, it did not
capture some small mangrove patches (Figure A7), including those at Pangkul Beach
reported in the previous study [47]. These areas are also absent from the global datasets
used here, likely due to misclassification of sparse vegetation and interference from invasive
species, which reduce spectral separability even when using advanced mangrove indices.
As a result, small or low-density stands may be underrepresented in both our maps and
global datasets.

This limitation underscores that, although remote sensing is invaluable for large-scale
mapping and monitoring, it may overlook smaller or less dense mangrove patches. Inte-
grating remote sensing with field-based assessments (e.g., ground-truthing and ecological
field surveys) is therefore necessary to achieve a more comprehensive understanding of
mangrove distribution and condition on Bangka Island.

5. Conclusions
This study provides a comprehensive assessment of mangrove dynamics on Bangka

Island over a 30-year period by integrating Landsat-based mapping, change detection,
and comparative analysis with global datasets. The results highlight substantial spatial
and temporal variability, shaped by both natural processes and human activities such
as tin mining and coastal erosion. While many areas experienced seaward expansion,
others showed pronounced loss, underscoring the need for locally informed management.
The high accuracy of the annual maps and the resulting mangrove-change database offer
valuable resources for assessing pressures, planning restoration, and supporting long-term
monitoring. However, limitations remain in detecting small or low-density stands, empha-
sizing the importance of combining remote sensing with detailed field assessments. Indeed,
where gains and losses take place, resp. floristic composition and ecological quality may be
very different and areal decline alone will not reflect the full impacts of observed dynam-
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ics. These findings strengthen the evidence base for sustainable mangrove management
and provide a solid foundation for future ecological and conservation-oriented studies on
Bangka Island.
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Appendix A

Table A1. Landsat 5 TM, 7 ETM+, and 8 OLI/TIRS spectral bands.

Band
Landsat 5 TM Landsat 7 ETM+ Landsat 8 OLI/TIRS

Wavelength (µm) Resolution (m) Wavelength (µm) Resolution (m) Wavelength (µm) Resolution (m)

Band 1 0.45–0.52 (Blue) 30 0.45–0.52 (Blue) 30 0.43–0.45 (Coastal) 30

Band 2 0.52–0.60 (Green) 30 0.52–0.60 (Green) 30 0.45–0.51 (Blue) 30

Band 3 0.63–0.69 (Red) 30 0.63–0.69 (Red) 30 0.53–0.59 (Green) 30

Band 4 0.76–0.90 (NIR) 30 0.77–0.90 (NIR) 30 0.64–0.67 (Red) 30

Band 5 1.55–1.75 (SWIR 1) 30 1.55–1.75 (SWIR 1) 30 0.85–0.88 (NIR) 30

Band 6 10.40–12.50 (Thermal) 120 (resampled to
30)

10.40–12.50
(Thermal)

60 (resampled to
30) 1.57–1.65 (SWIR 1) 30

Band 7 2.08–2.35 (SWIR 2) 30 2.09–2.35 (SWIR 2) 30 2.11–2.29 (SWIR 2) 30

Band 8 0.52–0.90 15 0.50–0.68
(Panchromatic) 15

Band 9 1.36–1.38 (Cirrus) 30

Band 10 10.6–11.19 (TIRS 1) 100 (resampled to
30)

Band 11 11.50–12.51 (TIRS 2) 100 (resampled to
30)

Note: NIR (Near Infrared); SWIR (Shortwave Infrared); OLI (Operational Land Imager); TIRS (Thermal Infrared);
source: https://www.usgs.gov/faqs/what-are-band-designations-landsat-satellites (accessed on 13 June 2024).
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Table A2. Summary of the satellite images used in this study.

Sensor Start Year Study Period (Year) Total Number of Images

Landsat 5 TM 1994 1 123
1995 1 144
1996 1 142
1997 1 159
1998 1 168
1999 1 151
2000 2 224
2001 2 191
2005 1 146
2006 1 162
2007 1 149
2008 1 119
2009 1 135
2010 2 156

Landsat 7 ETM+ 2002 1 162
2003 2 202
2004 2 196
2011 4 184
2012 4 215
2013 4 235

Landsat 8 OLI 2014 1 168
2015 – 103
2016 1 205
2017 – 95
2018 1 188
2019 1 197
2020 1 185
2021 1 164
2022 1 162
2023 2 253

Table A3. Spectral indices applied to the annual cloud-free composite images.

Index Formula Reference

Mangrove

Automatic Mangrove Map and Index AMMI = NIR−Red
Red+SWIR1 × NIR−SWIR1

SWIR1−0.65×Red Suyarso (2022) [94]

Mangrove Index MI = NIR−SWIR
NIR×SWIR × 10, 000 Winarso and Purwanto (2014) [95]

Modular Mangrove Recognition Index MMRI = MNDWI−NDVI
NDWI+NDVI Diniz et al. (2019) [70]

Mangrove Vegetation Index MVI = NIR−Green
SWIR1−Green Baloloy et al. (2020) [71]

Vegetation and water

Normalized Difference Vegetation Index NDVI = NIR−Red
NIR+Red Rouse et al. (1974) [96]

Normalized Difference Water Index NDWI = Green−NIR
Green+NIR McFeeters (1996) [97]

Modified Normalized Difference Water Index MNDWI = Green−SWIR1
Green+SWIR1 Xu (2006) [66]

Enhanced Vegetation Index EVI = 2.5 × NIR−Red
NIR+6×Red−7.5×Blue+1 Huete et al. (1997) [68]

Land Surface Water Index LSWI = NIR−SWIR
NIR+SWIR Gao (1996) [98]; Xiao et al. (2004) [99]

Green Chlorophyll Vegetation Index GCVI =
(

NIR
Green

)
− 1 Gitelson et al. (2005) [100]

Simple Ratio SR = NIR
Red Jordan (1969) [101]
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Table A4. Bands used in spectral indices based on Landsat sensors.

Band
Landsat 5 TM and 7 ETM+ Landsat 8 OLI/TIRS

Band Number Wavelength (µm) Band Number Wavelength (µm)

Green Band 2 0.52–0.60 Band 3 0.53–0.59
Red Band 3 0.63–0.69 Band 4 0.64–0.67
NIR Band 4 0.76–0.90 Band 5 0.85–0.88
SWIR1 Band 5 1.55–1.75 Band 6 1.57–1.65

Table A5. Accuracy assessment results for annual mangrove extent mapping (1994–2023).

Year
Overall

Accuracy (%)
Producer Accuracy (%) User Accuracy (%)

Non-Mangrove Mangrove Non-Mangrove Mangrove

1994 98.3 96.8 100.0 100.0 96.7
1995 97.0 94.3 100.0 100.0 94.0
1996 96.3 93.7 99.3 99.3 93.3
1997 95.3 91.5 100.0 100.0 90.7
1998 96.0 92.6 100.0 100.0 92.0
1999 95.0 90.9 100.0 100.0 90.0
2000 95.3 91.5 100.0 100.0 90.7
2001 95.7 92.0 100.0 100.0 91.3
2002 97.0 95.5 98.6 98.7 95.3
2003 96.7 94.3 99.3 99.3 94.0
2004 97.0 94.9 99.3 99.3 94.7
2005 96.7 94.3 99.3 99.3 94.0
2006 98.7 97.4 100.0 100.0 97.3
2007 94.0 94.6 93.4 93.3 94.7
2008 97.0 94.3 100.0 100.0 94.0
2009 97.7 96.7 98.6 98.7 96.7
2010 97.3 94.9 100.0 100.0 94.7
2011 97.3 95.5 99.3 99.3 95.3
2012 96.3 94.3 98.6 98.7 94.0
2013 96.7 94.3 99.3 99.3 94.0
2014 96.0 94.2 97.9 98.0 94.0
2015 95.7 94.2 97.2 97.3 94.0
2016 96.3 93.7 99.3 99.3 93.3
2017 96.7 93.8 100.0 100.0 93.3
2018 95.3 93.0 97.9 98.0 92.7
2019 95.0 91.4 99.3 99.3 90.7
2020 95.0 91.9 98.6 98.7 91.3
2021 97.0 94.9 99.3 99.3 94.7
2022 98.3 96.8 100.0 100.0 96.7
2023 96.0 94.2 97.9 98.0 94.0
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Figure A1. Study area, spatial distribution of mangroves from Jia et al. (2023) [38], and coverage of
Landsat Worldwide Reference System-2 (WRS-2) path/row on Bangka Island.

 

Figure A2. Map of Bangka Belitung Province, highlighting Bangka Island (yellow) bordered by the
Gaspar Strait to the east, the Bangka Strait to the west, the Java Sea to the south, and the Natuna Sea
to the north.
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Figure A3. Comparison of false color composite images: initial (left) and after applying elevation
masking and filtering criteria (right) to focus on mangrove regions.

 

Figure A4. Example of a Landsat false color composite image (1994) on GEE, showing mangrove
(green) and non-mangrove (yellow) reference samples.

 
Figure A5. ‘Unconventional tin mining’ operations on Bangka Island: (A) Offshore platforms
extracting tin sand from the seabed (Jebu Laut, 25 August 2021); (B) Onshore tin washing process,
where tin sand is washed to separate tin from other materials (Bangka Tengah Regency, 9 August
2022); Photos by Suci Puspita Sari.
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Figure A6. Comparative visual understanding of tin mining activities (mines and mine tailing)
impact on mangrove spatial distribution changes at Pangkul Beach. The red circle highlights change
in the coastal area, and the blue arrow points to tin mining tailings: (A) September 2011; (B) July
2019. Note that the tidal phase may be different in both images and not all differences correspond
to differences in the field. Background imagery: Esri Community Maps Contributors, Esri, HERE,
Garmin, Foursquare, METI/NASA, USGS.

 

Figure A7. Small and sparse mangrove patches at Pangkul Beach, viewed from the terrestrial side in
August 2022, with terrestrial Casuarina equisetifolia present in the landscape; Photo by Suci Puspita Sari.

Figure A8. Google Earth Engine (GEE) App interface for visualizing annual mangrove ex-
tent maps on Bangka Island (1994–2023) and comparing results with selected global mangrove
datasets [10,38,54]. The application is available at: https://sucipuspita1332.users.earthengine.app/
view/mangrovebangka2 (accessed on 30 January 2026).
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Figure A9. Google Earth Engine (GEE) App interface with a swipe/slider tool for comparing
mangrove extent maps on Bangka Island between two selected years (1994–2023). The application is
available at: https://sucipuspita1332.users.earthengine.app/view/mangrovebangka (accessed on
30 January 2026).
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