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Abstract. This study assesses multi-temporal changes in mangrove cover along the coast of Padang
Pariaman by integrating Sentinel-2A imagery from 2016 and 2025 with a Random Forest classification
framework on Google Earth engine. Pre-processed composites and derived spectral features were used to
generate land cover maps, yielding a high classification performance with an overall accuracy of 89.2%
and a Kappa coefficient of 0.89. The results reveal a marked decline in mangrove extent, decreasing
from 746 hectares in 2016 to 679 hectares in 2025, indicating a net loss of 67 hectares over nine years.
Spatial analysis demonstrates that this degradation is predominantly associated with the expansion of
shrimp ponds, which intensified after 2017 and led to progressive fragmentation of mangrove stands.
These findings highlight the ecological vulnerability of the region and underscore the importance of
systematic remote sensing-based monitoring for informing coastal management, regulating aquaculture
development, and prioritizing mangrove conservation and restoration efforts.
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Introduction. Mangrove forests are among the most productive and ecologically
significant coastal ecosystems, providing essential services such as shoreline
stabilization, habitat provision for aquatic species, nutrient cycling, and substantial blue
carbon storage that contributes to global climate regulation (Donato et al 2011; Frananda
et al 2023). Despite their importance, mangrove ecosystems have experienced
accelerated degradation over the past decades due to aquaculture expansion, coastal
development, land use conversion, and climate-driven stressors, particularly in tropical
regions where anthropogenic pressures are rapidly intensifying (Friess et al 2019).
Indonesia, which hosts the world’s largest mangrove area, has faced considerable losses
linked to both direct human activities and natural coastal dynamics, underscoring the
need for improved monitoring frameworks (Giri et al 2011). In coastal zones such as
Padang Pariaman, land conversion, erosion, and infrastructure development pose growing
threats that are often insufficiently captured through conventional field-based monitoring.
This situation highlights the urgency of implementing robust, spatially explicit, and
temporally consistent assessment tools to understand the extent and trajectory of
mangrove degradation. Advances in remote sensing technology and cloud-based
geospatial platforms, particularly Google Earth engine, now enable efficient multi-
temporal analysis of mangrove conditions using medium-resolution satellite imagery
integrated with machine-learning-based classification approaches (Gorelick et al 2017).
Accurate detection and monitoring of mangrove degradation remain a major
challenge, particularly in dynamic tropical coastlines where environmental processes and
anthropogenic pressures interact in complex ways. Conventional field-based assessments
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provide valuable ecological insights but are often limited in spatial coverage, labor-
intensive, and unable to capture long-term change dynamics at landscape scales
(Kuenzer et al 2011). Although remote sensing has increasingly been used to map
mangrove distribution and condition, many studies rely on single-sensor imagery or
traditional pixel-based classifiers that struggle to differentiate mangroves from other
spectrally similar coastal vegetation, leading to reduced classification reliability (Giri et al
2011). Furthermore, the lack of multi-temporal and multi-sensor integration hinders the
ability to produce consistent assessments capable of capturing subtle degradation
patterns over time. In regions such as Padang Pariaman - where conversion to
aquaculture, coastal erosion, and infrastructure development pose significant and
growing threats - these methodological limitations result in an incomplete understanding
of the spatial extent, severity, and trajectory of mangrove degradation. This information
gap constrains evidence-based planning and limits the capacity of coastal managers to
design targeted conservation and restoration interventions that reflect ground realities.

Given the persistent challenges associated with detecting fine-scale mangrove
degradation and the limitations of conventional monitoring approaches, this study aims to
develop a robust multi-temporal assessment framework that leverages the strengths of
multi-sensor satellite imagery and machine-learning-based classification. Specifically, the
research seeks to (1) generate consistent land cover maps of mangrove ecosystems
across multiple time periods using Landsat 8 and Sentinel-2A data, (2) apply a
supervised machine learning algorithm to improve classification accuracy in complex
coastal environments, and (3) identify spatial patterns and hotspots of mangrove
degradation in Padang Pariaman to support evidence-based conservation planning. The
integration of these complementary datasets and computational methods aligns with
recent calls for scalable, replicable, and high-resolution approaches to coastal ecosystem
monitoring (Adame et al 2021). By providing a spatially explicit understanding of
mangrove change dynamics, the study aims to contribute actionable information for
coastal resource managers and enhance the scientific basis for restoration and protection
strategies.

Although remote sensing has become an essential tool for mapping and analyzing
mangrove ecosystems, several critical gaps remain in existing research, particularly for
regions such as coastal West Sumatra. Most previous studies have relied heavily on
single-sensor imagery, which limits the temporal consistency and spectral richness
needed to detect subtle degradation processes in heterogeneous coastal landscapes
(Hamilton & Casey 2016). In addition, the application of machine learning for mangrove
classification has expanded in recent years, yet many assessments remain focused on
broad regional scales, leaving local-level analyses underrepresented despite their
importance for management and policy interventions (Alharbi 2025). Multi-temporal
studies integrating Landsat and Sentinel-2A data are still relatively scarce, even though
the fusion of these sensors offers improved temporal frequency and complementary
spectral characteristics that enhance classification accuracy and change detection (Belgiu
& Gsillik 2018). Furthermore, research specifically addressing mangrove degradation
dynamics in Padang Pariaman is limited, resulting in an incomplete understanding of the
spatial and temporal trajectories of ecosystem change in this threatened coastal zone.

This study aims to develop integrating multi-sensor satellite observations and
machine-learning-based classification within a cloud-computing environment to generate
a fine-scale, multi-temporal assessment of mangrove degradation in Padang Pariaman.
While machine learning and remote sensing have been increasingly applied to mangrove
ecosystems, the combined use of Landsat 8 and Sentinel-2A, processed through Google
Earth engine, remains underutilized in local-scale analyses despite its potential to
substantially improve temporal resolution, spectral richness, and classification
performance (Mahdianpari et al 2018a). The methodological integration employed in this
research enables consistent, high-frequency monitoring, addressing long-standing
limitations of traditional field surveys and single-sensor remote sensing approaches. In
addition, the study provides critical spatially explicit insights into degradation hotspots,
supporting targeted conservation and restoration strategies for a region where empirical
data remain limited. By offering a scalable and replicable framework for coastal
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ecosystem monitoring, this research contributes both methodological innovation and
practical value to mangrove conservation science (Lagomasino et al 2019; Bunting et al
2022).

Material and Method

Description of the study sites. Padang Pariaman Regency (Figure 1), located along the
western coast of Sumatra, Indonesia, is characterized by an extensive lowland coastal
zone directly facing the Indian Ocean. This geographical setting exposes the region to
high-energy wave dynamics, coastal erosion, tidal fluctuations, and periodic inundation,
particularly during monsoonal storms. The coastal plain is interspersed with estuarine
systems and river mouths that provide favorable conditions for mangrove ecosystems to
thrive. Field observations and data collection were conducted during the period June-
August 2025.
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Figure 1. Map of Padang Pariaman Regency, West Sumatera Province, Indonesia.

These mangroves serve as natural barriers against coastal hazards, contribute to
shoreline stabilization, and support biodiversity by offering critical habitats for fish,
crustaceans, and bird species (Spalding et al 2010). However, the geomorphological
features of Padang Pariaman also render the area highly vulnerable to natural hazards
such as tsunamis and flooding, further emphasizing the ecological and socio-economic
importance of mangrove ecosystems in sustaining local livelihoods and protecting coastal
communities (Alongi 2015).

Despite their ecological significance, the mangrove ecosystems in Padang
Pariaman are under increasing pressure from both anthropogenic and environmental
drivers. Rapid coastal development, including aquaculture expansion, settlements, and
infrastructure projects, has led to large-scale mangrove clearance and habitat
fragmentation. Unsustainable resource extraction, such as wood harvesting for fuel and
construction, further accelerates degradation (Friess et al 2019). Additionally, climate-
induced stressors, including sea-level rise, saline intrusion, and intensified storm surges,
exacerbate the decline of these ecosystems (IPCC 2022). The cumulative impact of these
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pressures not only diminishes the ecological resilience of mangroves but also undermines
the coastal protection functions they provide, heightening the vulnerability of Padang
Pariaman’s coastal population to environmental risks. These challenges highlight the
urgent need for integrated coastal management strategies and the restoration of
mangrove ecosystems to balance ecological sustainability with socio-economic
development in the region.

Data collection and analysis. The Satelite images used in this study are Sentinel-2
MSI Level-2A 2016 and 2025 data acquisition, data provided by the European Space
Agency (ESA) (Ju et al 2025). The downloaded data is a Level-2A ortho-corrected into
the UTM/WGS84 projection system with the resolution variations in Table 1. In addition,
Sentinel-2 data can be accessed through the official ESA Copernicus website
https://dataspace.copernicus.eu.

Table 1
Sentinel-2 satellite image specifications
Spatial resolution (m) Spectral resolution (nm)
10 Blue (~490 nm), green (~560 nm), red (~665 nm),
NIR (~842)
20 Vegetation red edge (~705 nm, ~740 nm, ~783nm,
~865 nm), SWIR (~1610 nm and ~2190 nm)
60 Coastal aerosol (~443 nm), water vapour (~940 nm),

Cirrus band (~1375 nm)

Source: https://dataspace.copernicus.eu.

The study employed multispectral satellite imagery from the Sentinel-2A to monitoring
mangrove cover in 2016 and 2025. Sentinel-2A provides 13 spectral bands ranging with
spatial resolutions of 10-20 m, enabling detailed discrimination of coastal vegetation,
especially mangrove canopies that exhibit distinct reflectance properties in the near-
infrared and red-edge regions (Drusch et al 2012; Hapsari et al 2020). Sentinel-2A was
selected over other medium-resolution sensors due to its high spatial and radiometric
quality, revisit frequency of 5 days, and the presence of multiple red-edge bands that
have been widely documented as critical for identifying mangrove vigor, structure, and
degradation processes (Mahdianpari et al 2018b; Pham et al 2020). For each target year,
all available cloud-free scenes covering the study area were retrieved from the Google
Earth engine data catalog, ensuring comprehensive coverage across seasonal variability
and minimizing temporal bias. The acquisition of imagery for 2016 and 2025 was
specifically designed to facilitate a robust two-period multi-temporal assessment,
allowing precise detection of changes in mangrove extent and degradation patterns over
nearly a decade. Overall, Sentinel-2A’s spectral richness, spatial detail, and temporal
reliability make it an optimal data source for mapping and monitoring mangrove
ecosystems within dynamic coastal landscapes.

Classification model. To enhance the discriminatory capability of the classification
model, a set of spectral bands and vegetation indices were engineered from the Sentinel-
2A imagery. All 10 m and 20 m bands relevant to coastal vegetation analysis were
included, particularly the near-infrared (B8), red-edge (B5, B6, B7), and shortwave
infrared bands (B11, B12), which are known to capture mangrove canopy density,
chlorophyll content, and moisture conditions. In addition to raw spectral bands, derived
indices such as the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation
Index (EVI), and the Modified Normalized Difference Water Index (MNDWI) were
computed to strengthen the model’s ability to differentiate mangrove stands from other
coastal land covers and to detect structural degradation patterns (Huete et al 2002).
These indices have been widely validated for vegetation monitoring and have
demonstrated effectiveness in capturing subtle variations in mangrove health, especially
when combined with red-edge information from Sentinel-2 (Mahdianpari et al 2018a). All
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features were standardized and stacked into a unified multi-band dataset for each
temporal period (2016 and 2025) before being used as input variables for machine
learning classification.

Training data preparation. Training and validation datasets were developed through a
combination of manual digitization and interpretation of Sentinel 2A imagery available
within Google Earth engine. Land cover classes were defined to ensure accurate
representation of the coastal landscape, consisting of mangrove, non-mangrove
vegetation, aquaculture ponds, and open water - categories that reflect typical ecological
and anthropogenic structures within the Padang Pariaman coastline (Giri et al 2011).
Training samples were digitized using stratified random sampling to ensure adequate
representation of each class, particularly for the mangrove category, which often varies
in canopy structure and spatial heterogeneity. To reduce bias and avoid overfitting, the
dataset was divided into training and validation subsets (70% training — 30% validation),
following best practices for remote-sensing-based supervised classification (Belgiu &
Dragut 2016). All sample points were then used to extract spectral and index values from the
Sentinel-2A, producing a comprehensive labeled dataset to train the Random Forest classifier.

Random forest machine learning classification. The Random Forest algorithm was
implemented with Google Earth engine to classify mangrove cover 2016 and 2025.
Random Forest is an ensemble machine learning method that constructs multiple decision
trees and aggregates their predictions, offering high robustness against noisy data, and
strong performance with high-dimensional spectral inputs (Breiman 2001; Rodriguez-
Galiano et al 2012). These characteristics make Random Forest particularly suitable for
mapping complex ecosystems such as mangroves, where spectral signatures may vary
due to canopy height, moisture gradients, and mixed pixels. The model was configured
using a sufficiently large number of trees, alongside optimized parameters for variables
per split and minimum leaf population to balance accuracy and computational efficiency
(Belgiu & Dragut 2016). The classifier was trained separately for the 2016 and 2025
composites using the labeled training dataset, after which it was applied to generate two
categorical land cover maps. By leveraging Google Earth engine’s cloud-computing
capabilities, the Random Forest model ensured scalable processing, enabling the
comparison of mangrove extent across both periods for subsequent change-detection
analysis.

Change detection. Change detection analysis was performed using a post-classification
comparison approach, which is widely regarded as one of the most reliable methods for
quantifying land cover transitions in multi-temporal remote sensing studies (Coppin et al
2004). The classified maps from 2016 and 2025 were overlapping to identify pixel-level
transitions among defined land cover categories, with a specific focus on detecting
mangrove degradation, defined as the conversion of mangrove areas into non-mangrove.
For each transition type, the extent of change was quantified in hectares, and spatial
patterns were examined to identify degradation hotspots along the Padang Pariaman
coastline. These spatial patterns were further interpreted in relation to known
anthropogenic drivers and coastal processes, such as aquaculture expansion, shoreline
erosion, and land-use intensification, which have been previously documented as major
threats to mangrove persistence in similar Southeast Asian coastal landscapes (Richards
& Friess 2016; Thomas et al 2017). The combined use of Random Forest classification
and post-classification change detection provided a robust analytical basis for
understanding temporal dynamics in mangrove cover and assessing the magnitude of
ecosystem degradation over the nine-year study period.

Post classification and accuracy assessments. Accuracy assessment was conducted
to quantify the reliability of the Random Forest classification outputs for both 2016 and
2025. A confusion matrix was generated using an independent validation dataset
extracted through stratified random sampling, enabling the calculation of key accuracy
metrics including Overall Accuracy (OA), and Kappa coefficient. These metrics provide
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complementary perspectives on classification performance: OA reflects the proportion of
correctly classified pixels across all classes, the Kappa coefficient is calculated, which
measures the overall level of agreement in the classification matrix. Kappa coefficient is
used to evaluate the accuracy of the classification by comparing the training data and
validation data (Foody 2002; Olofsson et al 2014). The Kappa coefficient value was
calculated using the formula proposed by Rwanga & Ndambuki (2017) and then
interpreted based on the range in Table 2. The Kappa coefficient calculation formula is
formulated as follows:

N E?zlxz'i'—zg-":lxz'+x+1

K:

NZ-ET_ xi+x+i (1)
where: N = total number of pixels used in the annual heat index matrix;
r = number of classes or rows or columns in the matrix;
xii = value of diagonal elements in the matrix/pixels that are correctly classified;
xi+ = number of pixels contained in the i-th row;
x+i = number of pixels contained in the i-th column.

Table 2
Kappa coefficient interpretation criteria

Kappa statistics Strength of agreement
< 0.00 Poor
0.00-0.20 Slight
0.21-0.40 Fair
0.41-0.60 Moderate
0.61-0.80 Substantial
0.81-1.00 Almost perfect

Source: Rwanga & Ndambuki (2017).

Accuracy assessment followed best practices for remote sensing classification validation,
particularly ensuring that validation samples were not reused during model training to
prevent spatial autocorrelation and artificial inflation of accuracy scores (Pontius &
Millones 2011). This rigorous evaluation framework ensured that the classification
outputs for both temporal datasets were statistically sound and suitable for subsequent
multi-temporal change analysis.

Results and Discussion

Mangroves in 2016. The classification results for 2016 indicate that mangrove forests in
the coastal region of Padang Pariaman covered an estimated 746 hectares in Figure 2a.
The spatial distribution of mangroves during this period was characterized by relatively
continuous patches along estuarine zones and sheltered coastal inlets, reflecting typical
geomorphological conditions that support mangrove establishment, such as tidal
inundation, sediment stability, and nutrient-rich mudflats (Giri et al 2011; Alongi 2015).
The 2016 mangrove extent suggests that prior to major anthropogenic pressures
observed in subsequent years, the ecosystem remained largely intact, with only localized
fragmentation likely driven by natural shoreline dynamics or small-scale land-use
activities. These findings align with regional assessments reporting that, despite
widespread decline at the national scale, pockets of West Sumatran mangroves remained
relatively stable up to the mid-2010s due to limited industrialization and lower
aquaculture intensity compared to other regions in Indonesia (Richards & Friess 2016).
The 2016 baseline thus provides a crucial reference point for measuring subsequent
losses and evaluating the scale of degradation that unfolded in the years that followed.

Mangroves in 2025. The mangrove extent in Padang Pariaman exhibited a measurable
decline by 2025, with the classified map indicating a remaining coverage of 679 hectares
in Figure 2b, representing a significant reduction relative to the 2016 baseline. Spatially,
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the 2025 distribution shows notable contraction of mangrove stands along previously
continuous coastal stretches, particularly near estuarine margins where anthropogenic
pressures are highest. The observed fragmentation manifests in smaller and more
isolated patches, a pattern consistent with degradation trajectories reported in other
Southeast Asian coastal regions undergoing rapid land-use transformation (Richards &
Friess 2016; Friess et al 2019). The remaining mangrove patches appear concentrated in
areas less accessible to development activities, underscoring the role of spatial
accessibility and local socio-economic drivers in shaping the 2025 landscape
configuration. These findings corroborate the broader understanding that mangrove loss
in Indonesia is strongly associated with aquaculture expansion and coastal land-use
intensification, emphasizing the vulnerability of these ecosystems in regions experiencing
rising economic and demographic pressures (Giri et al 2011; Thomas et al 2017). The
2025 extent thus provides clear evidence of cumulative degradation and establishes the
ecological foundation for evaluating the magnitude and drivers of mangrove loss over the
nine-year period.
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Figure 2. Condition of the southern mangroves in 2016 (2a) and 2025 (2b).

Classification accuracy assessment. The Random Forest classification produced high
levels of accuracy for both temporal datasets, demonstrating strong reliability in
distinguishing mangrove and non-mangrove land cover. The model achieved an OA of
89.2% and a Kappa coefficient of 0.89 (Table 3), indicating substantial agreement
beyond random chance and reflecting robust classifier performance in complex coastal
environments (Congalton 1991; Foody 2002).

These accuracy levels fall within, and in some cases exceed, the range typically
reported in mangrove remote sensing studies employing ensemble-based classifiers,
where OA values commonly vary between 80 and 90% (Belgiu & Dragut 2016;
Mahdianpari et al 2018b). The stratified validation approach, which ensured
independence between training and testing samples, also contributed to minimizing
spatial autocorrelation and preventing artificially inflated accuracy metrics (Olofsson et al
2014). Collectively, these results confirm that the classification outputs are sufficiently
accurate and consistent to support reliable multi-temporal analysis and detection of
mangrove degradation over the study period.
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Table 3
Accuracy test result of mangroves classification for 2016 and 2025

2016 2025
Algorithm Kappa Kappa
Overall accuracy coefficient Overall accuracy coefficient
Random forest 90.4 0.87 89.2 0.89

Quantification of mangrove loss (2016-2025). The multi-temporal comparison
between the 2016 and 2025 classified maps reveals a net loss of 67 hectares of
mangrove forest over the nine-year period, representing a substantial reduction in
coastal vegetative cover. When translated to an annual rate, this equates to an average
decline of approximately 7.4 hectares per year, indicating a persistent and gradual
degradation trajectory rather than a one-time disturbance event. Spatially, mangrove
loss is concentrated in low-lying coastal zones and estuarine margins, where conversion
pressures are typically highest.

The analysis indicates that shrimp ponds expansion was the dominant driver of
mangrove loss in Padang Pariaman between 2016 and 2025, with significant land
conversion activities becoming evident particularly after 2017 (Figure 3). Post-
classification overlays reveal that a substantial proportion of mangrove areas converted
to non-mangrove classes correspond spatially to newly established shrimp ponds,
reflecting a pattern widely documented across Indonesia and Southeast Asia where rapid
growth in the shrimp aquaculture industry has exerted intense pressure on coastal
ecosystems (Hamilton & Casey 2016; Richards & Friess 2016).
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Figure 3. Conversion of land into shrimp ponds from 2016 to 2025.

The conversion typically begins at the seaward or riverine fringe areas that provide
optimal hydrological conditions for aquaculture before progressing inland, resulting in the
progressive removal of contiguous mangrove belts. This aligns with the “edge-to-core”
degradation pattern previously observed in aquaculture-driven mangrove deforestation,
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whereby easily accessible and hydrologically favorable sites are cleared first, causing
accelerated fragmentation of the remaining forest matrix (Friess et al 2019).

The documented reduction of 67 hectares of mangrove forest between 2016 and
2025 carries significant ecological implications for the coastal landscape of Padang
Pariaman. Mangrove ecosystems function as critical buffers that regulate sediment
dynamics, attenuate wave energy, and stabilize shorelines; thus, their loss increases the
vulnerability of coastal areas to erosion, flooding, and storm surges (Alongi 2015).
Ecologically, the decline diminishes habitat availability for key aquatic and semi-aquatic
species, including juvenile fish, crustaceans, and mollusks that depend on mangrove root
systems for shelter and foraging. This reduction disrupts trophic interactions and can
impair local fisheries productivity - a trend frequently observed in regions undergoing
rapid mangrove degradation (Nagelkerken et al 2008). Additionally, the loss of mangrove
biomass directly reduces the capacity of the ecosystem to sequester and store “blue
carbon”, thereby weakening its contribution to climate regulation and amplifying carbon
emissions from soil and biomass disturbance (Donato et al 2011). Collectively, the
evidence underscores the urgent need to prioritize mangrove protection and restoration
as integral components of coastal ecosystem management in the region.

Conclusions. This study demonstrates that integrating multi-temporal Sentinel-2A
imagery with a Random Forest classification framework on Google Earth engine provides
a robust and effective approach for assessing mangrove dynamics in Padang Pariaman.
The classification achieved high reliability, with an overall accuracy of 89.2% and a Kappa
coefficient of 0.89, ensuring confidence in the detected land cover transitions. The
analysis revealed a significant decline in mangrove extent from 746 hectares in 2016 to
679 hectares in 2025, resulting in a net loss of 67 hectares over nine years. Spatial
evidence indicates that this degradation is predominantly driven by the expansion of
shrimp ponds, which intensified after 2017 and contributed to progressive fragmentation
of mangrove stands. These findings highlight the ecological vulnerability of the region, as
the loss of mangroves reduces shoreline stability, biodiversity support, and carbon
storage capacity. Overall, the study underscores the critical importance of implementing
stricter coastal management policies, regulating aquaculture development, and
incorporating routine remote sensing monitoring to safeguard remaining mangrove
ecosystems and support sustainable coastal conservation efforts.
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