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Abstract
Shallow-water benthic habitats are important to tropical coastal ecosystems, yet spatial transitions and
persistence in Indonesia’s small islands remain insufficiently documented. This study mapped benthic
habitats around Mapur Island, Riau Islands, Indonesia, and assessed changes between 2020 and 2025.
Results: Sentinel-2 imagery was classified using Random Forest in Google Earth Engine, supported by
field observations collected in July 2025 using 1 × 1 m photo-transects. Four classes were mapped: dead
coral with algae, mixed substrate, sand, and seagrass. The 2025 classification achieved 76.9% overall
accuracy and a Kappa coefficient of 0.69. Between 2020 and 2025, sand increased by 75.43 ha (11.5%)
and dead coral with algae increased by 68.01 ha (10.5%), while seagrass declined by 41.8%, from 308.97
ha to 179.76 ha. Approximately 24% of the initial seagrass area persisted over the study period.
Conclusions: The results indicate substantial changes in the composition of shallow-water benthic
habitats around Mapur Island, with seagrass showing the largest net decline. The maps provide a
temporal baseline for coastal habitat monitoring and conservation planning, while the transferred
classification for 2020 should be interpreted in light of the lack of independent field validation for that
year.

1 Introduction
Shallow-water benthic habitats, including coral reefs, seagrass meadows, and other benthic substrates,
form the foundation of tropical coastal ecosystems. These interconnected habitats play essential
ecological roles by sustaining marine biodiversity, providing habitat for a wide range of marine
organisms, supporting coastal fisheries, and serving as significant blue carbon reservoirs (Alongi et al.,
2016; Mansoben et al., 2024). Consequently, alterations in one habitat component may trigger cascading
effects that disrupt the structure and functioning of the entire coastal ecosystem (Cattano et al., 2020).
Despite their ecological importance, shallow-water benthic habitats are increasingly threatened by
multiple environmental and anthropogenic stressors, including rising sea surface temperatures,
sedimentation, eutrophication, and human activities. These pressures have accelerated shifts in benthic
habitat composition and spatial distribution across tropical coastal regions over recent decades (Aji et
al., 2024; Gove et al., 2023; Panjaitan et al., 2025; Rivadeneira and Nielsen, 2022).

Recent global seagrass mapping has revealed that approximately 4% of the world's seagrass meadows
disappeared between 2019 and 2024, while many of the remaining meadows experienced declines in
cover and condition due to increasing environmental pressures and anthropogenic disturbances (Peng et
al., 2026). However, changes in benthic habitats are not limited to habitat loss alone; they may also occur
through transitions among different habitat types. Understanding the direction and magnitude of these
habitat transitions is therefore essential for assessing the condition of coastal ecosystems and
establishing evidence-based conservation priorities.

Remote sensing has become an indispensable tool for large-scale benthic habitat mapping by providing
cost-effective, repeatable, and spatially comprehensive observations (Hedley et al., 2016). Numerous
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studies have demonstrated that Sentinel-2 imagery can achieve high mapping accuracy for shallow-
water benthic habitats when combined with machine learning classification algorithms (Arifin et al.,
2025; Trinh et al., 2023; Wicaksono et al., 2021). Among the available classification techniques, the
Random Forest (RF) algorithm has emerged as one of the most widely adopted approaches due to its
ability to model complex spectral relationships, minimize the risk of overfitting, and produce high
classification accuracy for heterogeneous benthic habitats (Thanh Noi and Kappas, 2017).

This study extends beyond benthic habitat mapping by incorporating a multi-temporal change analysis to
better understand ecosystem dynamics over time. Such an approach enables the identification of habitat
transitions between different benthic classes as well as habitats that remain stable over successive
observation periods (persistent habitats). Persistence analysis provides valuable insights into
ecologically stable areas, whereas transition analysis identifies habitats that are more susceptible to
environmental change. Together, these complementary analyses improve our understanding of the
stability of shallow-water benthic ecosystems and the trajectories of habitat change. Despite their
importance, studies that explicitly integrate benthic habitat transition and persistence analyses in
shallow-water ecosystems of Indonesia's small islands remain relatively scarce.

Mapur Island, located in Bintan Regency, Riau Islands Province, Indonesia, is a typical tropical small-
island ecosystem characterized by diverse shallow-water benthic habitats. The island is also part of the
Eastern Bintan Marine Protected Area, which plays an important role in conserving the region's coastal
biodiversity. Recent studies conducted within the Eastern Bintan Marine Protected Area have reported a
decline in seagrass cover over the past decade, accompanied by changes in species composition and
ecosystem quality, as indicated by the Seagrass Ecological Quality Index (SEQI). These findings suggest
that the coastal ecosystems of the region are undergoing substantial ecological change (Nugraha et al.,
2026). Despite these observations, no previous study has comprehensively evaluated the spatial
patterns of benthic habitat transition and persistence on Mapur Island. Such information is essential for
understanding ecosystem stability, identifying vulnerable habitat components, and supporting evidence-
based coastal management and conservation planning. Therefore, this study aims to map the shallow-
water benthic habitats of Mapur Island and analyze their transition and persistence patterns over the
2020–2025 period. The findings are expected to provide a valuable temporal baseline for monitoring
benthic habitat dynamics and to support adaptive conservation and sustainable coastal management in
Mapur Island and the Riau Islands region.

2 Methods
This study was conducted in July 2025 on Mapur Island, which forms part of a marine protected area in
Indonesia (Fig. 1). Administratively, the island is located within Mapur Village, Bintan Regency, Riau
Islands Province. The surrounding waters are influenced by four dominant monsoonal seasons, namely
the northeast, southeast, southwest, and northwest monsoons. Owing to its geographical setting, Mapur
Island is highly exposed to strong winds and high wave conditions, particularly during the northeast
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monsoon, making its coastal ecosystems vulnerable to hydrodynamic disturbances (Apriliani et al.,
2009).

According to (Nugraha et al., 2026), nine seagrass species have been recorded on Mapur Island,
including Enhalus acoroides (Ea), Thalassia hemprichii (Th), Cymodocea rotundata (Cr), Oceana serrulata
(Os), Halophila ovalis (Ho), Halodule uninervis (Hu), Halodule pinifolia (Hp), Syringodium isoetifolium (Si),
and Thalassodedron ciliatum (Tc).

2.1. Field Data Collection
Field surveys were conducted from 25 to 27 July 2025 using the 1 × 1 m² photo-transect method
(Roelfsema and Phinn, 2009). Sampling locations were determined using a systematic random sampling
approach, in which survey sites were systematically distributed based on prior knowledge of the study
area, while individual sampling points were selected randomly (Congalton and Green, 2008). Benthic
habitat data were collected through direct underwater visual observations. Each ground-truth point was
subsequently labeled and assigned to one of the predefined habitat classes, including seagrass, sand,
mixed substrate, rubble, dead coral, and dead coral with algae (DCA), to generate the training dataset for
image classification. In addition, seagrass species present at each ground-truth location were identified
to characterize the spatial distribution and diversity of seagrass communities across the study area.

2.2. Satellite Image Pre-processing
This study utilized Sentinel-2 Level-2A Surface Reflectance imagery from the
COPERNICUS/S2_SR_HARMONIZED image collection available through the Google Earth Engine (GEE)
platform for the 2020 and 2025 acquisition periods (Fig. 2). Image processing was performed using
Google Earth Engine, a cloud-based geospatial computing platform that enables efficient visualization,
processing, and analysis of large-scale remote sensing datasets (Gorelick et al., 2017).

The image processing workflow began with the selection of scenes based on three criteria: minimal
cloud cover, acquisition dates closely matching the field survey period, and satisfactory visual image
quality. The pre-processing steps included clipping the imagery to the study area boundary, selecting the
spectral bands relevant for benthic habitat mapping, Band 2 (Blue), Band 3 (Green), Band 4 (Red), and
Band 8 (Near Infrared, NIR), and generating false-color and true-color composite images for preliminary
visual interpretation. The overall image-processing workflow is illustrated in Fig. 2.

For each observation year, Sentinel-2 imagery was filtered using the study area boundary and a cloud-
cover threshold of < 20%. A median composite was then generated from the filtered image collection for
each period and subsequently clipped to the study area. To isolate shallow-water environments, a water
mask was created using the Normalized Difference Water Index (NDWI = (B3 − B8) / (B3 + B8) where B3
represents the green band and B8 the near-infrared band. Pixels with NDWI values greater than 0 were
retained to delineate water-covered areas.
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Following the delineation of the analysis area, water-column correction was applied using the Depth
Invariant Index (DII) to reduce bottom-reflectance variability associated with differences in water depth.
The correction followed the empirical approach proposed by (Lyzenga, 1978) which minimizes the
influence of water depth on bottom reflectance and improves the separability of shallow-water benthic
habitats. The method utilizes the blue (Band 2) and green (Band 3) spectral bands, which exhibit
different attenuation characteristics in the water column (Mumby and Edwards, 2000).

1

where Li and Lj represent the reflectance values of spectral bands (i) and (j), respectively, while Ki/Kj
denotes the attenuation coefficient ratio between the two bands. The attenuation coefficient ratio was
calculated using the following equation:

2

3

Where  and  represent the variances of spectral bands (i) and (j), respectively, and  denotes
the covariance between the two bands. The resulting attenuation coefficient ratio was subsequently
used to compute the Depth Invariant Bottom Index (DIBI) according to the following equation
DIBI_B3_B2 = ln(B3) − (ki/kj) × ln(B2).

2.3. Random Forest Classification
The pre-processed Sentinel-2 imagery, following water-column correction, was classified using the
Random Forest (RF) algorithm. Random Forest is an ensemble machine learning classifier that
constructs multiple decision trees from bootstrap samples of the training dataset (Breiman, 2001). At
each node, only a randomly selected subset of predictor variables is considered for data partitioning,
thereby increasing model diversity and reducing correlation among individual trees. The final
classification is determined through a majority voting scheme, in which each decision tree casts a vote
for the predicted class, and the class receiving the highest number of votes is assigned to the output
pixel (Fig. 3). The RF algorithm was selected because of its robustness in handling high-dimensional
remote sensing data, its ability to model complex and non-linear spectral relationships, and its
resistance to overfitting. In addition, RF has been widely demonstrated to provide reliable classification
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performance for heterogeneous benthic habitats while maintaining high computational efficiency when
processing large geospatial datasets.

Across various remote sensing-based classification studies, Random Forest (RF) has demonstrated
strong performance due to its ability to capture complex spectral patterns and effectively discriminate
between different habitat classes. In a coral bleaching detection study using Sentinel-2 imagery, the RF
algorithm achieved an overall accuracy of 97% and a Kappa coefficient of 0.94, indicating very high
classification reliability (Narciso et al., 2024). Similarly, in benthic habitat mapping along the coastal
waters of Nongsa, Batam, RF successfully classified coral, seagrass, sand, and rubble habitats with an
overall accuracy of 89.90% (Prabowo et al., 2025). Another study on seagrass mapping in Sebesi Island
reported that RF outperformed the Maximum Likelihood Classifier, achieving a higher accuracy (83.3%)
compared to 66.6% using the latter method (Aprizal Arifin et al., 2025). These findings highlight the
robustness and effectiveness of Random Forest as a reliable classification approach for remote sensing
analysis and coastal resource mapping.

Field survey data collected from Mapur Island were stored as a FeatureCollection asset within the
Google Earth Engine (GEE) platform. The ground-truth samples were assigned to four benthic habitat
classes: Dead Coral with Algae (DCA = 1), Mixed Substrate (Mix = 2), Sand (3), and Seagrass (4). The
ground-truth dataset was randomly divided into training and validation subsets, with 67% of the samples
allocated for model training and 33% for accuracy assessment. A Random Forest classifier was
developed using the 2025 imagery as the baseline model. The classifier was configured with 100
decision trees and a fixed random seed (seed = 42), while the depth-invariant corrected imagery was
used as the input predictor variables. To improve temporal consistency in habitat classification, the RF
model was trained using mean surface reflectance values extracted from homogeneous benthic habitat
polygons rather than individual pixels. The trained RF model was subsequently transferred and applied to
classify the 2020 imagery. This temporal transfer classification approach assumes that the spectral
characteristics distinguishing different habitat classes remain relatively consistent over time, allowing
the model developed from the 2025 dataset to be applied to historical imagery (Apdillah et al., 2026).

2.4. Accuracy Assessment
Because field validation data were only available for the 2025 observation period, accuracy assessment
was conducted exclusively for the 2025 classification result. This evaluation was performed to quantify
the performance of the RF model prior to its application in multi-temporal change analysis. Classification
accuracy was assessed using a confusion matrix by calculating the Overall Accuracy (OA), Kappa
coefficient (κ), Producer’s Accuracy (PA), and User’s Accuracy (UA) following the approach described by
(Congalton and Green, 2008).

2.5. Habitat Area Quantification and Transition Analysis
The spatial extent of each benthic habitat class was quantified in hectares (ha) for both observation
years. Temporal changes were analyzed by overlaying the classified habitat maps from 2020 and 2025
using a pixel-by-pixel comparison approach. A transition matrix was generated to quantify the area (ha)
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converted between each pair of habitat classes during the observation period. Habitat persistence was
defined as pixels that retained the same habitat classification in both years (2020 and 2025). Based on
this definition, a persistence map was generated consisting of five categories: persistent DCA, persistent
mixed substrate, persistent seagrass, persistent sand, and dynamic zones. The dynamic zone category
represents areas where habitat classes changed between observation periods, indicating spatial
locations experiencing habitat transitions.

3 Results and Discussion

3.1. Multi-Temporal Benthic Habitat Mapping and Area
Dynamics
The Random Forest classification of Sentinel-2 imagery identified four benthic habitat classes in the
shallow waters of Mapur Island for both 2020 and 2025, namely Dead Coral with Algae (DCA), Mixed
Substrate (Mix), Sand, and Seagrass (Fig. 4). Spatially, the distribution patterns of these habitat classes
remained relatively consistent between observation periods. Sand and DCA habitats dominated the outer
reef flat zones, whereas seagrass habitats were primarily concentrated in more sheltered and low-energy
coastal waters.

The total extent of the study area remained relatively stable between observation periods; however,
substantial shifts occurred in the composition of individual habitat classes (Fig. 5). The Sand and DCA
classes increased by 75.43 ha (11.5%) and 68.01 ha (10.5%), respectively, whereas Seagrass exhibited
the most pronounced decline, decreasing by 129.21 ha or 41.8% of its initial extent. The Mixed Substrate
class also decreased by 20.49 ha during the observation period. The expansion of DCA accompanied by
the decline in seagrass extent indicates a shift in benthic habitat composition toward a condition
increasingly dominated by degraded coral substrates and algae-covered dead coral. Similar habitat
transitions have been observed in coral reef ecosystems exposed to prolonged environmental stress,
including anthropogenic disturbances and elevated sea surface temperatures, which may reduce
ecosystem resilience and recovery capacity (Duarte, 2009; Gove et al., 2023).

The magnitude of seagrass loss observed on Mapur Island (41.8%) exceeds the decadal decline
reported in the Eastern Bintan Marine Protected Area, where seagrass cover decreased by 33.6% across
monitoring stations (Nugraha et al., 2026). This comparison suggests that Mapur Island represents one
of the areas experiencing relatively high rates of benthic habitat degradation within the Riau Islands
region and highlights the need for prioritized management and conservation interventions.

The accuracy assessment of the 2025 image classification against the field-based ground-truth data
resulted in an Overall Accuracy (OA) of 76.9% and a Kappa coefficient (κ) of 0.69. The Producer’s
Accuracy (PA) and User’s Accuracy (UA) values ranged from 58.1% to 93.9% across the benthic habitat
classes (Table 1).
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Table 1
Confusion matrix of the Sentinel-2 image classification results for 2025.

Class Ground Truth Total User accuracy
(%)

 

DCA Mix Sand Seagrass  

DCA 28 2 1 1 32 87,5  

Mix 5 18 3 5 31 58,1  

Sand 1 0 31 1 33 93,9  

Seagrass 5 2 4 23 34 67,6  

Total 39 22 39 30 130    

Producer accuracy
(%)

71,8 81,8 79,5 76,7 Overall
accuracy

76,9  

The obtained accuracy is comparable to the performance of Random Forest classification reported in
other Sentinel-2-based benthic habitat mapping studies in Indonesian waters, which generally achieved
Overall Accuracy values ranging from 83% to 98 (Arifin et al., 2025; Narciso et al., 2024b; Prabowo et al.,
2025). Furthermore, the present results are consistent with Wicaksono et al. (2021), who demonstrated
that multi-temporal Sentinel-2 imagery can achieve classification accuracies exceeding 80% when
supported by high-quality imagery, particularly under conditions of low cloud cover and minimal sunglint
effects.

3.2. Habitat Transition Analysis (2020–2025)
The pixel-based transition analysis revealed the spatial trajectories of each benthic habitat class during
the 2020–2025 period (Fig. 6). The results showed that the largest transition involved the DCA class,
which increased from 647.78 ha in 2020 to 715.79 ha in 2025 (Fig. 7). During this period, DCA areas were
mainly converted into Mixed Substrate (151.31 ha), Sand (147.00 ha), and Seagrass (102.71 ha).

The transition from DCA to Sand suggests that some areas previously dominated by dead coral
substrates experienced increased sediment accumulation. High sedimentation can alter the surface
properties of benthic substrates by covering dead coral structures, resulting in spectral characteristics
that become more similar to sandy substrates in multispectral imagery (Limmon and Marasabessy,
2019; Rogers and Ramos-Scharrón, 2022; Tuttle and Donahue, 2022). This interpretation is also
supported by the observed expansion of Sand habitat during the study period. Conversely, the transition
from DCA to Seagrass indicates that several areas previously characterized by dead coral substrates
may have developed greater benthic vegetation cover. This finding suggests that certain locations on
Mapur Island may still provide suitable environmental conditions for benthic vegetation establishment,
contributing to the observed increase in seagrass extent from 149.22 ha in 2020 to 179.76 ha in 2025.
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However, the transition from DCA to Seagrass should not be interpreted as direct evidence of seagrass
colonization in all converted areas. Instead, this pattern may represent an increase in benthic vegetation
cover, including seagrass and/or algae, which can be difficult to distinguish using medium-resolution
multispectral imagery. Dead coral substrates can be rapidly colonized by microalgal communities with
high primary productivity (Heil et al., 2004), potentially producing spectral responses similar to vegetated
benthic habitats. Furthermore, previous studies have demonstrated that seagrass and macroalgae
exhibit overlapping spectral characteristics, particularly in the green, red, and near-infrared wavelengths,
leading to potential classification uncertainties in multispectral remote sensing applications (Elma et al.,
2024; Hou et al., 2025; Wicaksono et al., 2024).

In this study, macroalgae were not included as an independent classification class because the available
field samples were insufficient to develop a reliable classification model. Therefore, the classification
scheme was limited to four major habitat classes (seagrass, DCA, mixed substrate, and sand). Under
this classification framework, areas potentially dominated by macroalgae may have been classified as
seagrass due to their similar spectral responses. Consequently, the observed DCA to Seagrass transition
should be interpreted as an indication of increasing benthic vegetation cover rather than definitive
evidence of complete conversion into seagrass meadows.

In contrast, Sand represented one of the most persistent habitat classes, with approximately 485.02 ha
remaining unchanged during the 2020–2025 period. However, several sandy areas experienced
transitions into other habitat classes, including DCA, Mixed Substrate, and Seagrass. Approximately 13%
of the initial Sand class was converted into DCA (Dead Coral with Algae). This transition may indicate the
development of benthic algal cover over sandy substrates associated with the accumulation of coral
rubble or scattered hard substrates on the seafloor (Connell et al., 2014).

Previous studies have shown that turf algae tend to proliferate more extensively on coral rubble
substrates than on intact hard substrates and are favored by surfaces with relatively low structural
complexity. These conditions suggest that fragmented coral materials and relatively flat substrates can
provide suitable environments for algal colonization (Syafruddin et al., 2025). Therefore, sandy areas
containing accumulated coral fragments or exposed hard substrates that become colonized by algae
may exhibit spectral responses similar to DCA and consequently be classified as such in multispectral
imagery. In this study, macroalgae and turf algae were not considered as separate classification classes
due to the limited availability of field training samples. Consequently, some areas dominated by algal
communities may have been classified as DCA because of their similar spectral characteristics in
multispectral satellite imagery (Hedley et al., 2016; Knudby et al., 2010)

Approximately 12% of the area initially classified as Sand transitioned into the Mixed Substrate class,
indicating that some sandy substrates developed more diverse benthic cover. This transition may occur
because sandy substrates represent dynamic habitats that can support the development of multiple
benthic cover types, including seagrass, algae, and coral rubble. Consequently, a single image pixel may
contain a combination of different benthic habitat types (Lundquist et al., 2018). Furthermore,
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sedimentation processes, the movement of coral fragments driven by waves and currents, and the
gradual colonization of benthic organisms may increase substrate heterogeneity in areas previously
dominated by sand (Liu et al., 2025).

The remaining 5% of the Sand class transitioned into Seagrass, indicating that some sandy areas have
become colonized by seagrass. This condition may occur because stable sandy substrates facilitate the
anchoring of seagrass roots and rhizomes, allowing plants to establish and expand more effectively
(Essa and Geneid, 2025). Areas that were previously dominated by bare sand may potentially develop
into seagrass habitats through seed dispersal or rhizome expansion from adjacent seagrass meadows
(Ambo-Rappe, 2022). Seagrass represented the habitat class with the highest degree of change
compared to other benthic habitats. Of the 308,97 ha of seagrass mapped in 2020, only 179,76 ha
remained classified as seagrass in 2025, while the remaining areas transitioned into Dead Coral with
Algae (DCA), Mixed Substrate (Mix), and Sand classes. These results indicate that the spatial distribution
of seagrass on Mapur Island is highly dynamic and can undergo substantial changes within a five-year
period.

This finding is consistent with the global pattern of seagrass decline, where the rate of seagrass loss
increased from approximately 0.9% per year during the 1940s to around 7% per year by the end of the
20th century, making seagrass ecosystems one of the most threatened ecosystems worldwide
(Chowdhury et al., 2024; de los Santos et al., 2019; Waycott et al., 2009). Similar findings were reported
by Febrianto et al., 2024), who demonstrated that seagrass extent declined by up to 61% within only two
years (2018–2020). These conditions indicate that seagrass ecosystems exhibit high spatial dynamics
in response to the combined effects of natural processes and anthropogenic pressures, allowing
substantial changes in seagrass extent to occur within relatively short time periods.

Overall, the habitat transition analysis indicates that benthic changes on Mapur Island were not solely
characterized by the loss of a single habitat type but also involved simultaneous inter-habitat transitions,
including habitat reduction, expansion, and conversion into other classes (DCA, Mix, Sand, and
Seagrass). This pattern is consistent with findings from other multi-temporal benthic habitat studies in
Indonesian waters. For example, in Ayau Island, Raja Ampat, coral habitats (9.9%) and seagrass habitats
(74.9%) were reported to decline simultaneously; however, the magnitude and direction of transitions
varied among observation periods, indicating that habitat changes did not occur uniformly across all
habitat classes (Setiawati et al., 2024). Similarly, a study in Gili Sumber Kima, Bali, revealed three
simultaneous patterns of seagrass cover change within the same observation period, including habitat
expansion, decline, and persistence across different spatial areas (Lazuardi et al., 2021).

These findings indicate that shallow-water ecosystems on Mapur Island remained actively dynamic
during the observation period, consistent with the characteristics of tropical benthic ecosystems that
commonly experience shifts in habitat composition due to interactions between natural environmental
processes and anthropogenic pressures (Aji et al., 2024; Panjaitan et al., 2025; Wayan A Karang et al.,
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2022). Such multi-directional dynamics highlight the importance of continuous monitoring to better
understand the future trajectory and rate of benthic ecosystem changes on Mapur Island.

To further illustrate the direction and magnitude of all benthic habitat transitions, the Sankey diagram
presented in Fig. 7 depicts the proportional flows from each habitat class in 2020 to the corresponding
benthic habitat classes in 2025.

The figure above highlights that changes in benthic habitat cover on Mapur Island during the 2020–2025
period did not occur uniformly across all habitat classes. DCA and Sand represented the most persistent
habitat classes, retaining approximately 66% and 70% of their initial extent, respectively. In addition, both
classes also received additional areas from other habitat classes, resulting in an overall increase in their
extent by 2025. In contrast, the Mixed Substrate class exhibited a more dynamic pattern, with only 19%
of its area remaining unchanged, while the remaining areas transitioned into DCA, Sand, and Seagrass.

The most prominent change occurred in the Seagrass class, which retained only approximately 24% of
its initial extent. Most seagrass areas transitioned into Sand (33%) and DCA (28%) classes (Fig. 8),
resulting in a decrease in total seagrass extent from approximately 308,97 ha in 2020 to 179,76 ha in
2025. This pattern indicates a shift in shallow-water habitat composition on Mapur Island, where areas
previously dominated by seagrass tended to transition into sandy substrates or dead coral habitats. This
decline requires attention because seagrass meadows are among the important coastal ecosystems
that contribute to maintaining aquatic productivity and providing essential habitats for various marine
organisms.

3.3. Persistence Maps of Benthic Habitats
The persistence maps for each habitat class (Fig. 9) revealed distinct spatial change patterns during the
2020–2025 period. Dead Coral with Algae (DCA) habitats (Fig. 9a) remained dominant along the reef
crest and several coastal areas, consistent with the habitat extent analysis showing an increase in DCA
area throughout the observation period. This pattern indicates that DCA represents one of the most
persistent benthic components on Mapur Island. This finding is consistent with (Sari Sakaria, 2022), who
reported that DCA cover was higher in reef crest and reef slope zones compared to other dead coral
categories, including Rubble (R) and Recent Dead Coral (DC). The dominance of DCA suggests that a
substantial proportion of dead coral colonies have progressed into an advanced degradation stage,
characterized by coral skeleton surfaces being covered by algae. This condition may reflect prolonged
environmental pressures, such as sedimentation and anthropogenic disturbances.

Seagrass (Fig. 9b) exhibited limited persistent areas that were spatially fragmented and concentrated in
specific locations, particularly in the southern and southeastern parts of the island. This indicates that
only a small proportion of the total seagrass extent remained stable and was consistently classified as
seagrass during both observation periods (2020 and 2025), while the remaining areas transitioned into
other habitat classes. This pattern is consistent with previous studies showing that seagrass meadows
exposed to environmental stress tend to fragment into smaller and isolated patches, potentially reducing
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their overall ecosystem functions (Riera et al., 2025). Similar patterns were reported in a decadal study
of shallow waters in Eastern Bintan, Riau Islands, where only certain locations with dominant seagrass
species were able to persist, while the overall seagrass cover exhibited a declining trend (Nugraha et al.,
2026). Differences in habitat persistence may also be influenced by spatial variations in environmental
conditions, as seagrass structural characteristics can vary considerably even at small spatial scales due
to differences in microhabitat conditions (Smale et al., 2019).

Meanwhile, the Mixed Substrate class (Fig. 9c) exhibited a relatively limited distribution and was
generally located between other habitat types as transition zones. These areas represent gradual habitat
changes occurring along the boundaries between two different habitat types, forming intermediate
zones with mixed characteristics of adjacent habitats. In addition, the Sand class (Fig. 9d) showed the
widest spatial distribution, particularly in the western part of the island. Most of these areas remained
classified as sand throughout the five-year observation period. This pattern indicates that sandy
substrates on Mapur Island tend to be highly persistent, with only a small proportion experiencing
transitions, resulting in the continued dominance of sandy substrate characteristics in the shallow-water
environment. Overall, these findings demonstrate that changes in benthic habitat composition have
occurred on Mapur Island over the past five years, characterized by a decline in seagrass extent
accompanied by an expansion of areas dominated by sand and dead coral habitats. This condition
indicates ongoing changes within shallow-water ecosystems, particularly affecting seagrass habitats,
which require further attention in coastal habitat management efforts.

4 Conclusion
This study successfully mapped the dynamics of benthic habitats on Mapur Island during the 2020–
2025 period using Sentinel-2 imagery and Random Forest classification, achieving an overall accuracy of
76.9%. The classification results revealed that the shallow-water ecosystems of Mapur Island
experienced significant changes in habitat composition characterized by multi-directional transitions
rather than movement toward a single final state.

The most concerning finding of this study was the substantial loss of seagrass habitat. From a total
extent of 308,97 ha in 2020, seagrass area decreased to 179,76 ha in 2025, with only approximately 24%
of the initial seagrass area remaining persistent between the two observation periods. Most of the lost
seagrass areas transitioned into Sand (33%) and Dead Coral with Algae (DCA) (28%), while the Mixed
Substrate class exhibited the highest instability among all habitat classes, with only 19% of its area
remaining unchanged. In contrast, DCA and Sand were identified as the most persistent and expansive
habitat classes, each increasing by more than 10% during the study period, primarily through transitions
from areas previously occupied by seagrass. This pattern indicates that the shallow-water ecosystem of
Mapur Island is shifting toward greater dominance of abiotic substrates and algae-covered dead coral
habitats, with seagrass representing the most vulnerable benthic component.
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Overall, these findings confirm that the shallow-water habitats of Mapur Island remain in an actively
changing state rather than a stable condition, emphasizing the need for continuous monitoring to
understand the direction and rate of ongoing ecosystem changes. Considering the critical role of
seagrass ecosystems in providing coastal ecosystem services, the decline in seagrass extent and its low
persistence rate on Mapur Island should become a priority in future coastal management and
conservation planning, particularly in the southern and southeastern areas that currently represent the
remaining stable seagrass habitats.

Furthermore, future studies are recommended to incorporate macroalgae as a separate classification
class to reduce spectral ambiguity between seagrass and algal communities, thereby improving the
accuracy and reliability of future benthic habitat dynamics assessments. The findings of this study
provide an essential quantitative temporal baseline to support evidence-based coastal management in
the Riau Islands.

Declarations
AUTHOR CONTRIBUTIONS

Indah Kartika: Conceptualization, Methodology, Field data collection, Mapping, Data curation, Formal
analysis, Writing - original draft. Tri Edi Kuriandewa: Resources, Investigation, Formal analysis, Writing -
review & editing. Aditya Hikmat Nugraha: Investigation, Writing - review & editing. All authors read and
approved the final manuscript.

FUNDING

This work was supported by the UNEP/GEF project “Implementing the Strategic Action Programme for
the South China Sea and Gulf of Thailand,” implemented through a collaboration between PKSPL LRI i-
MAR IPB University and the United Nations Office for Project Services (UNOPS) in 2025.

ACKNOWLEDGEMENTS

The authors would like to express their gratitude to the Trikora Seagrass Management Demonstration
Site (TRISMADES) and the United Nations Office for Project Services (UNOPS) for their financial support
in 2025. The authors also thank the fieldwork team for their assistance in collecting field data.

References
1. Aji LP, Maas DL, Capriati A, Ahmad A, De Leeuw C, Becking LE (2024) Shifts in dominance of benthic

communities along a gradient of water temperature and turbidity in tropical coastal ecosystems.
PeerJ 12. https://doi.org/10.7717/peerj.17132

2. Alongi DM, Murdiyarso D, Fourqurean JW, Kauffman JB, Hutahaean A, Crooks S, Lovelock CE,
Howard J, Herr D, Fortes M, Pidgeon E, Wagey T (2016) Indonesia’s blue carbon: a globally

Page 13/25



significant and vulnerable sink for seagrass and mangrove carbon. Wetl Ecol Manag 24:3–13.
https://doi.org/10.1007/s11273-015-9446-y

3. Ambo-Rappe R (2022) The success of seagrass restoration using Enhalus acoroides seeds is
correlated with substrate and hydrodynamic conditions. J Environ Manage 310:114692.
https://doi.org/10.1016/J.JENVMAN.2022.114692

4. Apdillah D, Zulfikar A, Kartika I, Raja M, Haji A (2026) Mangrove Cover Dynamics Over Three Decades
in Bintan. A Satellite-Based Spatial Analysis

5. Apriliani T, Yulianda F, Yulianto G (2009) STRATEGI KONSERVATIF DALAM PENGELOLAAN. Jurnal
Ilmu-ilmu Perairan dan Perikanan Indonesia. 16:127–136

6. Aprizal Arifin W, Ode Alam Minsaris L, Anzani L, Ramadhani S, Grace Angelique Lubis T, Dzikrillah M,
Suprianto A, O, PEMETAAN LAMUN MENGGUNAKAN ALGORITME MACHINE LEARNING DENGAN
CITRA SENTINEL-2A DI PERAIRAN PULAU SEBESI SEAGRASS MAPPING USING MACHINE
LEARNING ALGORITHMS WITH SENTINEL-2A IMAGERY IN SEBESI ISLAND (2025) J Kelaut
18:2476–9991. https://doi.org/10.21107/jk.v18i1.25025

7. Arifin WA, Ode L, Minsaris A, Anzani L, Ramadhani TS, Grace M, Lubis A, Dzikrillah A, Suprianto O
(2025) PEMETAAN LAMUN MENGGUNAKAN ALGORITME MACHINE LEARNING DENGAN CITRA
SENTINEL-2A DI PERAIRAN PULAU SEBESI SEAGRASS MAPPING USING MACHINE LEARNING
ALGORITHMS WITH SENTINEL-2A IMAGERY IN SEBESI ISLAND. 18:40–47

8. Breiman L (2001) Random Forests

9. Cattano C, Agostini S, Harvey BP, Wada S, Quattrocchi F, Turco G, Inaba K, Hall-Spencer JM, Milazzo
M (2020) Changes in fish communities due to benthic habitat shifts under ocean acidification
conditions. Sci Total Environ 725. https://doi.org/10.1016/j.scitotenv.2020.138501

10. Chowdhury M, Martínez-Sansigre A, Mole M, Alonso-Peleato E, Basos N, Blanco JM, Ramirez-
Nicolas M, Caballero I, de la Calle I (2024) AI-driven remote sensing enhances Mediterranean
seagrass monitoring and conservation to combat climate change and anthropogenic impacts. Sci
Rep 14. https://doi.org/10.1038/s41598-024-59091-7

11. Congalton RG, Green K (2008) Assessing the Accuracy of Remotely Sensed Data Principles and
Practices Second Edition, 2nd Edition. ed. CRC Press, Boca Raton

12. de los Santos CB, Krause-Jensen D, Alcoverro T, Marbà N, Duarte CM, van Katwijk MM, Pérez M,
Romero J, Sánchez-Lizaso JL, Roca G, Jankowska E, Pérez-Lloréns JL, Fournier J, Montefalcone M,
Pergent G, Ruiz JM, Cabaço S, Cook K, Wilkes RJ, Moy FE, Trayter GMR, Arañó XS, de Jong DJ,
Fernández-Torquemada Y, Auby I, Vergara JJ, Santos R (2019) Recent trend reversal for declining
European seagrass meadows. Nat Commun 10. https://doi.org/10.1038/s41467-019-11340-4

13. Duarte CM (2009) Global loss of coastal habitats: rates, causes and consequences. Fundación
BBVA

14. Elma E, Gaulton R, Chudley TR, Scott CL, East HK, Westoby H, Fitzsimmons C (2024) Evaluating UAV-
based multispectral imagery for mapping an intertidal seagrass environment. Aquat Conserv 34.
https://doi.org/10.1002/aqc.4230

Page 14/25



15. Essa B, Geneid Y (2025) Temporal Change of Seagrass Meadows: Estimating Species Composition,
Coverage and Carbon Stock Trends Over 16 Years in NIOF Studied Area, Hurghada, Egypt

16. Febrianto S, Muskananfola MR, Suryanti S, Latifah N, Endrawati H (2024) Nineteen Years Temporal
of Seagrass Change and Carbon Stock in Jepara Region Indonesia

17. Gorelick N, Hancher M, Dixon M, Ilyushchenko S, Thau D, Moore R (2017) Google Earth Engine:
Planetary-scale geospatial analysis for everyone. Remote Sens Environ 202:18–27.
https://doi.org/10.1016/j.rse.2017.06.031

18. Gove JM, Williams GJ, Lecky J, Brown E, Conklin E, Counsell C, Davis G, Donovan MK, Falinski K,
Kramer L, Kozar K, Li N, Maynard JA, McCutcheon A, McKenna SA, Neilson BJ, Safaie A, Teague C,
Whittier R, Asner GP (2023) Coral reefs benefit from reduced land–sea impacts under ocean
warming. Nature 621:536–542. https://doi.org/10.1038/s41586-023-06394-w

19. Hedley JD, Roelfsema CM, Chollett I, Harborne AR, Heron SF, Weeks SJ, Skirving WJ, Strong AE,
Eakin M, Christensen C, Ticzon TRL, Bejarano V, Mumby S, P.J (2016) Remote sensing of coral reefs
for monitoring and management: A review. Remote Sens (Basel).
https://doi.org/10.3390/rs8020118

20. Heil CA, Chaston K, Jones A, Bird P, Longstaff B, Costanzo S, Dennison WC (2004) Benthic
microalgae in coral reef sediments of the southern Great Barrier Reef, Australia. Coral Reefs
23:336–343. https://doi.org/10.1007/s00338-004-0390-1

21. Hou S, Yu X, Lai W, Zhang F, Qiao H, Cheng P, Lee Z (2025) Consistent Seagrass Mapping Across
Various Tide Levels From Planet SuperDove Images. IEEE Trans Geosci Remote Sens 63.
https://doi.org/10.1109/TGRS.2025.3574821

22. Knudby A, Newman C, Shaghude Y, Muhando C (2010) Simple and effective monitoring of historic
changes in nearshore environments using the free archive of Landsat imagery. Int J Appl Earth Obs
Geoinf 12:S116–S122. https://doi.org/10.1016/J.JAG.2009.09.002

23. Lazuardi W, Ardiyanto R, Marfai MA, Mutaqin BW, Kusuma DW (2021) Coastal reef and seagrass
monitoring for coastal ecosystem management. Int J Sustainable Dev Plann 16:557–568.
https://doi.org/10.18280/IJSDP.160317

24. Limmon GV, Marasabessy AM (2019) Impacts of sedimentation on coral reefs in Inner Ambon Bay,
Indonesia, in: IOP Conference Series: Earth and Environmental Science. Institute of Physics
Publishing. https://doi.org/10.1088/1755-1315/339/1/012035

25. Liu D, Callaghan DP, Wuppukondur A, Baldock TE (2025) A probabilistic coral rubble mechanical
instability model applied with field observations from the Great Barrier reef. Coast Eng 195.
https://doi.org/10.1016/j.coastaleng.2024.104655

26. Lundquist CJ, Jones TC, Parkes SM, Bulmer RH (2018) Changes in benthic community structure and
sediment characteristics after natural recolonisation of the seagrass Zostera muelleri. Sci Rep 8.
https://doi.org/10.1038/s41598-018-31398-2

27. Lyzenga D (1978) Passive remote sensing techniques for mapping water depth and bottom
features. Appl Opt 17:379–383

Page 15/25



28. Mansoben N, Bawole R, Marwa J, Bawole CA, Sirami EV, Mudjirahayu (2024) The Influence of Coral
Reef Benthic Conditions on Associated Fish Assemblages Around Puruf Island Water, Cenderawasih
Bay, Papua, Indonesia. Asian J Environ Ecol 23:15–25.
https://doi.org/10.9734/ajee/2024/v23i11618

29. Mumby PJ, Edwards AJ (2000) Ch8 Remote sensing handbook for tropical coastal management;
Coastal management sourcebooks; Vol.:3; 2000

30. Narciso GAM, Tamondong AM, Blanco AC, Nakamura T, Nadaoka K, SUPERVISED IMAGE
CLASSIFICATION MODEL FOR CORAL BLEACHING DETECTION USING A BI-TEMPORAL SENTINEL-2
IMAGE STACK (2024a), in: International Archives of the Photogrammetry, Remote Sensing and
Spatial Information Sciences - ISPRS Archives. International Society for Photogrammetry and
Remote Sensing, pp. 395–401. https://doi.org/10.5194/isprs-archives-XLVIII-4-W8-2023-395-2024

31. Narciso GAM, Tamondong AM, Blanco AC, Nakamura T, Nadaoka K, SUPERVISED IMAGE
CLASSIFICATION MODEL FOR CORAL BLEACHING DETECTION USING A BI-TEMPORAL SENTINEL-2
IMAGE STACK (2024b), in: International Archives of the Photogrammetry, Remote Sensing and
Spatial Information Sciences - ISPRS Archives. International Society for Photogrammetry and
Remote Sensing, pp. 395–401. https://doi.org/10.5194/isprs-archives-XLVIII-4-W8-2023-395-2024

32. Nugraha AH, Pratomo A, Kartika I, Apriadi T, Maulia A, Hasnah AN, Gultom EE, Hizad MD, Rahmawati
S (2026a) Decadal change (2015–2025) in seagrass cover, species composition and ecosystem
quality in eastern Bintan marine protected area, Indonesia. Mar Pollut Bull 225.
https://doi.org/10.1016/j.marpolbul.2026.119231

33. Nugraha AH, Pratomo A, Kartika I, Apriadi T, Maulia A, Hasnah AN, Gultom EE, Hizad MD, Rahmawati
S (2026b) Decadal change (2015–2025) in seagrass cover, species composition and ecosystem
quality in eastern Bintan marine protected area. Indonesia Mar Pollut Bull 225:119231.
https://doi.org/10.1016/J.MARPOLBUL.2026.119231

34. Panjaitan JP, Qirani JF, Agus SB (2025) Analysis of changes in shallow water benthic habitat area
using sentinel-2 imagery on the Ujung Genteng coast, Sukabumi, West Java, Indonesia, in: BIO Web
of Conferences. EDP Sciences. https://doi.org/10.1051/bioconf/202516805006

35. Peng J, Li J, Krause JR, Lyons MB, Murray NJ, Schill SR, Roelfsema CM, Asner GP (2026) Global
high-resolution mapping of seagrass to support conservation. Nature.
https://doi.org/10.1038/s41586-026-10704-3

36. Prabowo NW, Rusli A, Ghazali M, Lubis MZ, Radityani FA, APLIKASI GOOGLE EARTH ENGINE UNTUK
KLASIFIKASI HABITAT BENTIK PESISIR NONGSA BATAM MENGGUNAKAN ALGORITMA RANDOM
FOREST (2025) Jurnal Perikanan dan Kelautan 15:91. https://doi.org/10.33512/jpk.v15i1.33372

37. Riera R, Bosch NE, Infantes E, Vasconcelos J (2025) Navigating biodiversity patterns in fragmented
seagrass mosaics. Sci Rep 15. https://doi.org/10.1038/s41598-025-93015-3

38. Rivadeneira MM, Nielsen SN (2022) Deep anthropogenic impacts on benthic marine diversity of the
Humboldt Current Marine Ecosystem: Insights from a Quaternary fossil baseline. Front Mar Sci 9.
https://doi.org/10.3389/fmars.2022.948580

Page 16/25



39. Roelfsema C, Phinn S (2009) A Manual for Conducting Georeferenced Photo Transects Surveys to
Assess the Benthos of Coral Reef and Seagrass Habitats

40. Rogers CS, Ramos-Scharrón CE (2022) Assessing Effects of Sediment Delivery to Coral Reefs: A
Caribbean Watershed Perspective. Front Mar Sci. https://doi.org/10.3389/fmars.2021.773968

41. Sari Sakaria F, IDENTIFIKASI TIPE KARANG MATI UNTUK MENENTUKAN PENYEBAB KERUSAKAN
TERUMBU KARANG, DI PERAIRAN MALILI TELUK BONE IDENTIFICATION OF DEAD CORAL TYPES
TO DETERMINE THE CAUSES OF CORAL REEFS DAMAGE IN MALILI WATERS (2022), BONE BAY.
MASPARI JOURNAL XIV, 91–98

42. Setiawati MD, Ismayanti GA, Hafizt M, Avianto P, Antwi EK (2024) Changes in Benthic Habitat Under
Climate Pressure in Western Papua, Indonesia: Remote Sensing-Based Approach. J Indian Soc
Remote Sens 52:291–304. https://doi.org/10.1007/s12524-024-01813-5

43. Smale DA, Epstein G, Parry M, Attrill MJ (2019) Spatiotemporal variability in the structure of
seagrass meadows and associated macrofaunal assemblages in southwest England (UK): Using
citizen science to benchmark ecological pattern. Ecol Evol 9:3958–3972.
https://doi.org/10.1002/ece3.5025

44. Syafruddin G, Estradivari, Pratama AMA, Yasir I, Ferse SCA, Ambo-Rappe R (2025) Sediment,
substrate, and structure: Factors shaping algal turf dynamics in urban Indonesian reefs. Reg Stud
Mar Sci 86. https://doi.org/10.1016/j.rsma.2025.104172

45. Thanh Noi P, Kappas M (2017) Comparison of Random Forest, k-Nearest Neighbor, and Support
Vector Machine Classifiers for Land Cover Classification Using Sentinel-2 Imagery. Sens (Basel) 18.
https://doi.org/10.3390/s18010018

46. Trinh XT, Nguyen LD, Takeuchi W (2023) Sentinel-2 mapping of a turbid intertidal seagrass meadow
in Southern Vietnam. Geocarto Int 38. https://doi.org/10.1080/10106049.2023.2186490

47. Tuttle LJ, Donahue MJ (2022) Effects of sediment exposure on corals: a systematic review of
experimental studies. Environ Evid. https://doi.org/10.1186/s13750-022-00256-0

48. Wayan A, Karang IG, Gusti S, Dharma IB, Dewa K, Putra Astaman IM, Karang GA (2022) I.W., Mapping
of shallow-water benthic habitats in Nusa Lembongan, Bali using Sentinel-2B and Landsat 8 satellite
data

49. Waycott M, Duarte CM, Carruthers TJB, Orth RJ, Dennison WC, Olyarnik S, Calladine A, Fourqurean
JW, Heck KL, Hughes AR, Kendrick GA, Kenworthy WJ, Short FT, Williams SL (2009) Accelerating
loss of seagrasses across the globe threatens coastal ecosystems. Proceedings of the National
Academy of Sciences 106, 12377–12381. https://doi.org/10.1073/pnas.0905620106

50. Wicaksono P, Maishella A, Harahap SD, Kumara ISW, Fauzan MA (2024) The Challenge of Spectrally
Separating Seagrass and Macroalgae Species Using Hyperspectral Data. In: Çiner A, Ergüler ZA,
Bezzeghoud M, Ustuner M, Eshagh M, El-Askary H, Biswas A, Gasperini L, Hinzen K-G, Karakus M,
Comina C, Karrech A, Polonia A, Chaminé HI (eds) Recent Research on Geotechnical Engineering,
Remote Sensing, Geophysics and Earthquake Seismology. Springer Nature Switzerland, Cham, pp
173–175

Page 17/25



51. Wicaksono P, Wulandari SA, Lazuardi W, Munir M (2021) Sentinel-2 images deliver possibilities for
accurate and consistent multi-temporal benthic habitat maps in optically shallow water. Remote
Sens Appl 23:100572. https://doi.org/10.1016/J.RSASE.2021.100572

Figures

Figure 1

Location of the study area on Mapur Island, Riau Islands, Indonesia.
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Figure 2

Workflow of the spatial data analysis.
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Figure 3

Conceptual framework of the Random Forest algorithm for benthic habitat classification.
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Figure 4

Spatial distribution of benthic habitats on Mapur Island in (A) 2020 and (B) 2025 based on Random
Forest classification of Sentinel-2 imagery.

Figure 5

Spatial extent of benthic habitat classes (ha) on Mapur Island during 2020 and 2025.
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Figure 6

Spatial patterns of benthic habitat transitions on Mapur Island between 2020 and 2025.
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Figure 7

Sankey diagram of benthic habitat transitions on Mapur Island during the 2020-2025 period.
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Figure 8

Field observation showing remaining seagrass stands growing among Dead Coral with Algae (DCA)
patches in the shallow waters of Mapur Island in 2025.

Page 24/25



Figure 9

Individual persistence maps for each habitat class: (a) Persistent DCA, (b) Persistent Seagrass, (c)
Persistent Mixed Substrate, and (d) Persistent Sand.
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