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ABSTRACT

Coastal ecosystems, including mangroves, salt marshes, and seagrass meadows, play a crucial
role in global carbon sequestration by capturing and storing atmospheric carbon dioxide within
their biomass and sediments. Traditional methods for assessing carbon sequestration in these
ecosystems rely on field-based measurements and empirical models, which often struggle with
spatial limitations and inconsistencies in data accuracy. This study investigates the integration of
artificial intelligence (Al) and remote sensing technologies to enhance the accuracy, scalability,
and efficiency of carbon sequestration monitoring. Using a case study approach with ten case
studies spanning diverse coastal ecosystems, this research examines the application of machine
learning models, such as Random Forest, Support Vector Machines (SVM), Deep Neural Networks
(DNNs), and Long Short-Term Memory (LSTM) networks, in processing multi-sensor datasets from
satellite, LIDAR, and UAV sources. The findings reveal that Al-enhanced models improve biomass
estimation accuracy by up to 28%, outperforming conventional remote sensing approaches.
UAV-based LIDAR assessments achieved error margins within +5%, demonstrating superior
precision in carbon stock estimations. Additionally, Al-driven models successfully detected
carbon sequestration trends over a 10-year period, enabling the identification of sequestration
fluctuations with up to 93% predictive accuracy. The study further highlights the cost-
effectiveness of Al models, which reduced the need for manual field validation by 50% while
maintaining high correlation with ground-fruth measurements. These results underscore the
fransformative potential of Al in automating blue carbon ecosystem assessments, improving
long-term carbon forecasting, and informing adaptive conservation policies. By leveraging Al-
driven remote sensing, this study establishes a robust framework for advancing climate mitigation
efforts and sustainable environmental management in coastal carbon sequestration research.

KEYWORDS
Coastal Carbon Sequestration; Blue Carbon Ecosystems; Carbon Flux Modeling; Remote Sensing Techniques;
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INTRODUCTION

Coastal ecosystems, including mangroves, salt marshes, and seagrass meadows, play a
critical role in the global carbon cycle by acting as long-term carbon sinks (Liu et al.,
2019). These ecosystems store significant amounts of carbon, often referred to as "blue
carbon," in both biomass and sediments (Causarano et al., 2008). Unlike terrestrial forests,
which primarily store carbon in aboveground biomass, coastal ecosystems store a
substantial portion of their carbon belowground, where it remains sequestered for
centuries or even millennia (Filbee-Dexter & Wernberg, 2020). Mangroves, for example,
have been found to sequester carbon at rates two to four times higher than tropical
forests (Liang et al., 2021). This high sequestration capacity is largely attributed to the
anaerobic conditions of waterlogged soils, which slow down organic matter
decomposition and facilitate long-term carbon storage (Frigstad et al., 2021).
Understanding the mechanisms of carbon sequestration in these ecosystems is essential
for integrating coastal ecosystems into climate mitigation policies (Kwan et al., 2022).
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Quantifying carbon sequestration in coastal ecosystems requires the application of
robust modeling fechniques, which provide insights info carbon fluxes, storage, and
environmental interactions (Ouyang & Lee, 2014). Tradifional field-based assessments,
while highly accurate, are often limited by spatial and temporal constraints,
necessitating the use of modeling approaches that can extrapolate findings across
larger areas (Luo et al., 2016). Process-based models, which simulate biogeochemical
processes in sediment and vegetation dynamics, have been widely applied to estimate
carbon sequestration potential in these ecosystems (Reithmaier et al., 2021). Additionally,
statistical models based on empirical data have been used to predict carbon stocks and
sequestration ratfes in different environmental conditions (Lovelock et al., 2022). These
models are particularly valuable for assessing how coastal ecosystems respond to
environmental stressors such as sea-level rise, land-use changes, and nutrient loading
(Friess et al., 2022).
Figure 1: Carbon Sequestration Processes in Coastal Blue Carbon Ecosystems
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Remote sensing techniques have increasingly contributed to the assessment of carbon
sequestration in coastal ecosystems by providing high-resolution spatial data for large-
scale analysis (Van Dam et al., 2021). Satellite imagery, light detection and ranging
(LIDAR), and unmanned aerial vehicle (UAV) surveys allow researchers to estimate
biomass and detect changes in habitat extent, offering a cost-effective and non-
invasive approach to carbon monitoring (Gacia et al., 2002). Recent advancements in
remote sensing technologies have improved the accuracy of blue carbon assessments
by integrating spectral indices, machine learning algorithms, and three-dimensional
mapping ftechniques (Pessarrodona et al.,, 2018). However, challenges remain in
standardizing methodologies and ensuring the consistency of remote sensing data
across different geographical regions and environmental conditions (Rogers et al., 2019).
Machine learning and artificial intelligence (Al) applications have also gained traction
in modeling carbon sequestration in coastal environments (Miah & Hossain, 2021). Al-
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driven models can process large datasets and identify patterns that may be difficult to
capture using traditional modeling techniques (Sondak et al., 2016). Deep learning
algorithms, for instance, have been employed to classify vegetation types, predict
carbon sequestration rates, and detect anthropogenic disturbances in coastal
ecosystems (Jiménez-Ramos et al., 2022). These approaches provide enhanced
predictive capabilities and can improve the accuracy of sequestration assessments by
incorporating diverse environmental and climatic variables (Houghton et al., 2012).
Despite their potential, Al-based models require extensive training datasets and
computational resources, which may pose limitations in regions with limited data
availability (Jiménez-Ramos et al., 2022). The application of modeling techniques in
coastal carbon sequestration research has significantly confributed to understanding the
role of these ecosystems in climate regulation (EI-Naggar et al., 2015). Studies have
demonstrated that integrafing multiple modeling approaches—such as combining
remote sensing with process-based models—can improve the accuracy of sequestration
estimaftes and reduce uncertainties in carbon accounting (Fontaine et al., 2004).
Moreover, research on sedimentary carbon dynamics has revealed that external factors,
including hydrodynamics, nutrient cycling, and anthropogenic influences, play crucial
roles in determining carbon sequestration rates (Jiménez-Ramos et al., 2022). High-
resolution modeling approaches are essential for capturing the spatial heterogeneity of
carbon sequestration processes and for refining estimates at regional and global scales
(Billen et al., 2009).
Figure 2: Integrative Approaches in Coastal Carbon Research
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The integration of different modeling fechniques, including process-based models,
remote sensing, and machine learning, has advanced the understanding of carbon
sequestration in coastal ecosystems (Jiménez-Ramos et al., 2022). As the accuracy of
these models continues to improve, they offer valuable tools for carbon accounting and
conservation planning in blue carbon ecosystems (EI-Naggar et al., 2015). The ability to
model carbon sequestration with high precision enhances the effectiveness of climate
mitigation efforts, particularly in regions where coastal ecosystems are under threat from
human activities and environmental changes (Pessarrodona et al., 2023). By providing a
comprehensive synthesis of existing modeling approaches, this review contributes to the
broader understanding of blue carbon sequestration and supports the development of
data-driven conservation strategies (Billen et al., 2009).This review aims to systematically
evaluate the various modeling fechniques employed in assessing carbon sequestration
in coastal ecosystems, including mangroves, salt marshes, and seagrass meadows. The
primary objective is to synthesize existing research on process-based models, remote
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sensing applications, and machine learning approaches to understand their
effectiveness in estimating carbon fluxes and storage dynamics. Additionally, this review
seeks to identify the strengths and limitations of these models in capturing spatial and
temporal variations in blue carbon sequestration. By analyzing key methodological
advancements and their applications in climate change mitigation, this study provides
insights into how different modeling frameworks contribute to accurate carbon
accounting and policy formulation. Furthermore, it examines the integration of
multidisciplinary approaches to enhance the predictive capabilities of sequestration
models and improve decision-making in coastal ecosystem management. Through a
critical analysis of existing literature, this review establishes a foundation for advancing
blue carbonresearch by addressing gaps in data standardization, model validation, and
large-scale implementation of sequestration assessments.

LITERATURE REVIEW

Coastal ecosystems serve as critical carbon sinks, with their ability fo store significant
amounts of organic carbon in both aboveground biomass and belowground sediments
(Kennedy et al., 2004). The assessment of carbon sequestration in these ecosystems
requires a combination of field-based measurements and advanced modeling
techniques that enable large-scale, high-resolution evaluations (Paine et al., 2021).
Research on carbon sequestration in blue carbon ecosystems has expanded over the
past two decades, focusing on various modeling techniques, their applications, and their
limitations (Duarte, 2017). Process-based models have been developed to simulate
biogeochemical processes in sediments and vegetation, while remote sensing
techniques have facilitated large-scale monitoring of carbon stocks (Liu et al., 2019).
More recently, machine learning and artificial intelligence (Al) models have emerged as
innovative tools for predicting carbon sequestration rates with higher accuracy (Luo et
al., 2016). This section reviews the existing literature on carbon sequestration modeling in
coastal ecosystems by examining key methodologies and their applications. The review
is structured into multiple sub-sections, beginning with an analysis of the role of coastal
ecosystems in carbon sequestration, followed by an evaluation of different modeling
techniques. It further explores the use of remote sensing and Al-based models for large-
scale carbon assessments, the challenges associated with modeling carbon
sequestration, and strategies for improving model accuracy. By synthesizing findings from
various sftudies, this literafure review provides a comprehensive understanding of the
advancements in carbon sequestration modeling and identifies areas requiring further
research.

Coastal Ecosystems in Carbon Sequestration

Coastal ecosystems, including mangroves, salt marshes, and seagrass meadows, serve
as significant carbon sinks, playing a crucial role in mitigating climate change by
sequestering atmospheric carbon dioxide (Wong et al., 2021). Unlike terrestrial forests,
these ecosystems store a large proportion of their carbon in waterlogged sediments,
which slow down organic matter decomposition, leading fo long-term carbon
accumulation (Ma et al., 2018). Mangroves, in particular, have been found to sequester
carbon at rates significantly higher than many terrestrial ecosystems due to their dense
root systems and anoxic soil conditions (Song et al., 2022). Salt marshes also conftribute to
high sequestration rates by frapping organic and inorganic carbon within their sediment
layers, thereby enhancing soil accretfion and long-term storage (Bouchard & Lefeuvre,
2000). Similarly, seagrass meadows facilitate carbon burial by capturing organic particles
from surrounding waters, preventing their re-emission info the atmosphere (Hill et al.,
2015). Studies have estimated that blue carbon ecosystems contribute between 50 fo
70% of the global oceanic carbon sequestration despite occupying less than 2% of the
ocean floor (Hill et al., 2015; Queirds et al., 2019). The role of these ecosystems in carbon
cycling is increasingly recognized, emphasizing their conservation as a critical
component of climate change mitigation efforts (Bayraktarov et al., 2016).

Quantifying the carbon sequestration potential of coastal ecosystems requires a
combination of field-based and modeling approaches to estimate carbon fluxes and
storage capacities (Kuwae et al., 2022). Process-based models, such as the CENTURY
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and InVEST models, have been widely applied to simulate biogeochemical processes
governing carbon accumulation and release (Macreadie et al., 2011). These models
incorporate factors such as sedimentation rates, biomass productivity, and
decomposition dynamics to provide estimates of long-term sequestration potential
(Bouchard & Lefeuvre, 2000). Statistical and empirical models, which rely on
observational data, have also been utilized to estimate carbon sequestration by
examining relationships between environmental conditions and carbon storage (Mayer-
Pinto et al., 2020). Additionally, sediment core analysis has been employed to determine
historical sequestration rates and assess the stability of stored carbon over time (Kuwae
et al., 2022). Recent research has highlighted the importance of incorporating
environmental stressors, such as sea-level rise and land-use changes, intfo modeling
frameworks to improve sequestration predictions (Reithmaier et al., 2021). The
combination of process-based, empirical, and remote sensing-based approaches
provides a more comprehensive understanding of carbon sequestration dynamics in
coastal ecosystems (Hill et al., 2015).

Figure 3: Coastal Carbon Sequestration Pathways and Storage Dynamics
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Advancements in remote sensing fechnologies have facilitated large-scale assessments
of coastal carbon stocks by providing spatially explicit data on ecosystem structure and
biomass distribution (Queirds et al., 2019). Satellite imagery, light detection and ranging
(LIDAR), and unmanned aerial vehicles (UAVs) have been increasingly employed to
estimate aboveground carbon stocks and detect ecosystem changes over time
(Bayraktarov et al., 2016). Spectral indices such as the Normalized Difference Vegetation
Index (NDVI) and Enhanced Vegetation Index (EVI) have been used to assess vegetation
health and productivity, which serve as proxies for carbon sequestration potential (Fahmi
et al., 2023). Machine learning algorithms integrated with remote sensing data have
improved the accuracy of sequestration estimates by incorporating large datasets and
identifying patterns in carbon storage dynamics (Wu et al., 2020). Recent studies have
demonstrated that combining high-resolution LIDAR with process-based models
enhances the accuracy of sequestration assessments by providing detailed information
on ecosystem structure and sediment characteristics (Mayer-Pinto et al., 2020). However,
the application of remote sensing in blue carbon ecosystems still faces challenges
related to data standardization and validation, particularly in regions with limited
ground-fruth data (Mondal et al., 2017).

Machine learning and artificial intelligence (Al) have further fransformed the modeling
of carbon sequestration by providing predictive capabilities that enhance carbon flux
assessments (Adelisardou et al., 2021). Al-driven models have been applied to classify
coastal vegetation, predict sequestration rates, and analyze the impact of
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environmental changes on carbon storage (Lorenz et al.,, 2006). Deep learning
algorithms, such as convolutional neural networks (CNNs), have been used to detect
ecosystem degradatfion and assess restoratfion potential, offering insights info
conservation planning (Jien et al., 2015). Al applications in carbon sequestration
modeling have also improved the integration of diverse datasets, allowing for real-time
analysis of carbon dynamics (Majumder et al., 2018). Despite these advancements, Al-
based models require extensive training datasets and computational resources, which
may pose challenges in regions with limited data availability (Mayer-Pinto et al., 2020).
Nevertheless, the combination of Al, remote sensing, and process-based modeling
continues to enhance the understanding of carbon sequestration in coastal ecosystems,
providing valuable insights for climate change mitigation and ecosystem management
(Filbee-Dexter & Wernberg, 2020).

Concept of Blue Carbon

Blue carbon refers to the carbon stored in coastal and marine ecosystems, including
mangroves, salt marshes, and seagrass meadows, which play a crucial role in climate
change mitigation by sequestering atmospheric carbon dioxide (Saderne et al., 2019).
These ecosystems capture and store carbon in their biomass and sediments, where it can
remain for centuries to millennia due to low oxygen levels that slow down decomposition
processes (Kalokora et al., 2022). Unlike terrestrial ecosystems, which store most of their
carbon in aboveground biomass, blue carbon ecosystems predominantly store carbon
in soils, making them highly efficient long-term carbon sinks (Filbee-Dexter et al., 2023).
Studies have estimated that mangrove forests alone can sequester carbon at rates two
to four fimes higher than tropical rainforests due to their dense root systems and
wafterlogged conditions that limit organic matter decomposition (Krause-Jensen et al.,
2018). Additionally, salt marshes and seagrass meadows confribute significantly fo
carbon sequestration by frapping organic and inorganic carbon in their sediments,
further enhancing their role as critical carbon sinks (Filbee-Dexter & Wernberg, 2020). This
ability to sequester large amounts of carbon underscores the importance of blue carbon
ecosystems in mitigating climate change and reducing greenhouse gas concentrations
(Kwan et al., 2022).

The effectiveness of blue carbon ecosystems in sequestering carbon is further highlighted
when compared to terrestrial ecosystems, which are more vulnerable to disturbances
such as deforestation, land-use changes, and wildfires (Bayley et al., 2021). Unlike
terrestrial forests, where carbon is stored primarily in biomass and can be rapidly released
through decomposition or combustion, coastal ecosystems store the maijority of their
carbon in sediments, making it less susceptible to immediate re-emission (Gundersen et
al., 2021). Studies have shown that coastal ecosystems have higher carbon burial rates
due to the confinuous deposition of organic matter and limited microbial decomposition
under anaerobic conditions (van Son et al., 2020). For example, salt marshes can bury
up to 200 g C/m? annually, while mangrove forests can sequester over 1,000 metric tons
of carbon per hectare, significantly surpassing the sequestration potential of many
terrestrial ecosystems (Reithmaier et al., 2021). Moreover, unlike terrestrial carbon sinks
that reach saturation over time, blue carbon ecosystems continue to sequester carbon
as they expand, accumulating organic-rich sediments and enhancing soil carbon
storage (Smale et al., 2018). These characteristics make blue carbon ecosystems a
critical component in climate mitigation strategies, offering a stable and long-term
solution for carbon storage (Lovelock et al., 2022). Despite their high sequestration
potential, blue carbon ecosystems face increasing threats from anthropogenic activities
and environmental degradation, leading to substantial carbon emissions when disturbed
(Baker et al., 2022). Deforestation of mangroves, coastal development, and pollution
contribute to the loss of these ecosystems, releasing previously stored carbon back info
the atmosphere, often at rates faster than sequestration (Macreadie et al., 2021). For
instance, the degradation of mangrove forests alone contributes to 10% of global
emissions from deforestation, despite covering only 0.7% of fropical forest areas (Herr et
al., 2012). Similarly, the conversion of salt marshes for agriculture and urban expansion
results in significant carbon loss, reducing their effectiveness as long-term carbon sinks
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(Raven, 2018). The loss of blue carbon ecosystems not only diminishes their sequestration
potential but also impacts biodiversity, coastal protection, and fisheries, further
highlighting their ecological significance beyond carbon storage (MclLeod et al., 2011).
Given their ability to store large amounts of carbon with minimal release over time,
preserving and restoring blue carbon ecosystems is essential in maintaining their role in
climate regulation and preventing carbon loss through ecosystem degradation (Van
Dam et al., 2021). Comparing blue carbon sequestration with terrestrial systems also
reveals key differences in theirresponses to climate change and environmental pressures
(Raven, 2018). While both ecosystems are vulnerable to climate-induced stressors, such
as temperature fluctuations and exfreme weather events, coastal systems have shown
greater resilience due to their natural sediment deposition processes and adaptive
vegetation (Smale et al., 2018). However, sea-level rise poses a significant challenge to
salt marshes and mangroves, potentially altering their sequestration capacities by
affecting sediment accretion rates and salinity levels (Herr et al., 2012). In confrast,
terrestrial forests face increasing risks from droughts, wildfires, and insect outbreaks,
leading to unpredictable carbon release patterns (Hill et al., 2015). These differences
highlight the need for targeted conservation strategies tailored to the unique
sequestration dynamics of blue carbon ecosystems (Lovelock & Duarte, 2019). By
maintaining and restoring these coastal environments, their ability to act as stable, long-
term carbon sinks can be preserved, reinforcing their role in global climate change
mitigation efforts (Queirds et al., 2019).

Factors influencing sequestration rates in different ecosystems

Blue carbon refers to the carbon captured, stored, and sequestered in coastal and
marine ecosystems such as mangroves, salt marshes, and seagrass meadows
(Trevathan-Tackett et al., 2015). These ecosystems play a crucial role in mifigating
climate change by absorbing carbon dioxide (CO,) from the atmosphere and
depositing it in long-term storage within sediments, where it can remain sequestered for
centuries to millennia (Wright et al., 2022). Unlike terrestrial forests, which store carbon
primarily in biomass, blue carbon ecosystems store a substantial proportion of their
carbon belowground, reducing the risk of rapid re-emission through decomposition or
disturbances such as wildfires (H. Li et al., 2022). Mangrove forests, for instance, have
been reported to store up fo four times more carbon per unit area than fropical
rainforests due to their waterlogged soils and slow decomposition rates (Pessarrodona et
al., 2023). Additionally, seagrass meadows and salt marshes act as effective carbon sinks
by trapping organic material and preventing it from re-entering the atmosphere, thereby
enhancing global carbon sequestration efforts (Jiménez-Ramos et al., 2022). The
importance of blue carbon has gained increasing aftention in global climate policies,
leading to the inclusion of coastal ecosystem conservation in carbon offset programs
and intfernational agreements aimed at reducing greenhouse gas emissions (Friess et al.,
2022).

A key distinction between ferrestrial and coastal carbon sequestration lies in the
mechanisms governing carbon capture and storage. Terrestrial forests sequester carbon
primarily in biomass, where it is vulnerable to degradation from deforestation, logging,
and wildfires (Macreadie et al., 2017). In contrast, coastal ecosystems store carbon in
sediments, where anaerobic conditions limit microbial decomposition, allowing carbon
to remain locked away for thousands of years (Pessarrodona et al., 2023). This difference
makes blue carbon ecosystems more effective in long-term carbon sequestration
despite their smaller global coverage (Jiménez-Ramos et al., 2022). While terrestrial
forests are often prioritized in climate mitigation strategies, research has demonstrated
that the destruction of coastal ecosystems results in significant carbon emissions,
highlighting their importance in climate stabilization (Friess et al., 2022). Moreover, blue
carbon ecosystems have been found to be more resilient to climate-induced
disturbances, such as rising temperatures and increased CO, levels, which can enhance
their productivity and carbon sequesiration potential (Macreadie et al., 2017). By
contrast, terrestrial ecosystems are more susceptible to degradation from extreme
weather events, droughts, and deforestation (Serrano et al., 2016). Despite their high
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sequestration efficiency, coastal ecosystems are under significant threat from
anthropogenic activities such as coastal development, pollution, and land-use changes
(Pessarrodona et al., 2023). Studies indicate that up to 50% of global mangrove cover
has been lost in the past century, resulting in the release of previously stored carbon back
info the atmosphere (Macreadie et al., 2017). Similarly, seagrass meadows and salt
marshes are experiencing widespread decline due to eutrophication, sedimentation,
and habitat fragmentation, leading to significant reductions in their carbon
sequestration capacities (Serrano et al., 2016). The degradation of these ecosystems not
only exacerbates global CO, emissions but also disrupts their role in protecting coastal
communities from storm surges and shoreline erosion ((Hill et al., 2015). Given their ability
to store vast amounts of carbon and provide essentfial ecosystem services, the
conservation and restoration of blue carbon habitats have become a focal point in
global climate mitigation efforts (McLeod et al., 2011).
Figure 4: Factors Influencing Sequestration Rates in Different Coastal Ecosystems
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Blue carbon ecosystems store carbon in sediments for centuries to millennia, reducing atmospheric CO: and mitigating climate change.

The growing body of research on blue carbon underscores the need for integrated
conservation strategies that combine ecological restoration with carbon finance
mechanisms (MclLeod et al., 2011). The inclusion of blue carbon projects in carbon
tfrading markets offers financial incentives for coastal ecosystem protection, aligning
economic and environmental goals (Macreadie et al., 2021). Furthermore, technological
advancements in remote sensing and machine learning have improved the accuracy
of carbon stock assessments, facilitating large-scale monitoring and informed decision-
making in coastal management (Baker et al., 2022). Despite the challenges associated
with data standardization and methodological discrepancies, the scientific consensus
supports the prioritization of blue carbon ecosystems in global climate policies (McLeod
et al., 2011). These findings reinforce the significance of coastal ecosystems as not only
vital carbon sinks but also as essential components of biodiversity conservation and
climate resilience efforts (Van Dam et al., 2021).
Biogeochemical Processes Governing Carbon Accumulation
The accumulation of carbon in coastal ecosystems is primarily governed by the
decomposition of organic matter and the storage of carbon in sediments. In mangroves,
salt marshes, and seagrass meadows, organic material derived from plant biomass,
detritus, and external inputs is deposited and subjected to slow decomposition under
anaerobic conditions (Forbes et al., 2022). The rate of decomposition is influenced by
several factors, including tfemperature, salinity, and nutrient availability, which regulate
microbial activity and organic matter breakdown (Gaunt & Lehmann, 2008). Unlike
terrestrial forests, where decomposition occurs rapidly due to oxygen-rich soils, coastal
ecosystems experience prolonged carbon retention due to waterlogged conditions that
limit oxygen penetration, thereby slowing microbial degradation (McClean et al., 2015).
The deposition of organic material in sediments results in the long-term burial of carbon,
where it remains sequestered for centuries or even millennia (Haefele et al., 2011). Studies
indicate that carbon burial rates in mangrove sediments can reach up to 1.74 metric
tons per hectare per year, significantly exceeding those observed in ferrestrial
environments (Zhang et al., 2011). Similarly, seagrass meadows frap organic particles
from surrounding waters, enhancing their sedimentary carbon storage potential (Gao et
al., 2021).
Microbial activity plays a crucial role in regulating the decomposition of organic matter
and the transformation of carbon in coastal sediments. Heterotrophic bacteria and fungi
decompose plant material, releasing dissolved organic carbon (DOC) and particulate
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organic carbon (POC), which can either be mineralized into carbon dioxide (CO,) or
stored in sediments (Pusceddu et al., 2014). In anaerobic environments, microbial
respiration relies on alternative electron acceptors such as sulfate, nitrate, and iron,
rather than oxygen, to break down organic compounds (EI-Naggar et al., 2015). Sulfate-
reducing bacteria (SRB) dominate these environments, converting organic matter into
carbon storage compounds while producing byproducts such as hydrogen sulfide
(Jiménez-Ramos et al., 2022). This process, known as sulfate reduction, enhances the
stability of organic carbon in sediments by reducing the potential for further
decomposition (Gao et al., 2021). Studies have shown that sulfate reduction accounts
for up to 90% of organic matter degradation in anoxic coastal sediments, underscoring
its importance in carbon retention (EI-Naggar et al., 2019). The inferaction between
microbial communities and sediment properties further influences the long-term fate of
stored carbon, with factors such as redox potential and pH levels shaping microbial
activity and carbon preservation (Baker et al., 2022).
Figure 5: Biogeochemical Processes Governing Carbon Accumulation
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This flowchart illustrates the key biogeochemical processes that regulate carbon sequestration in coastal ecosystems.

Anaerobic conditions in coastal sediments significantly enhance carbon sequestration
by limiting the oxidation of organic matter and preventing its rapid release into the
atmosphere. In mangroves, anoxic conditions in deep sediments inhibit the activity of
aerobic decomposers, reducing the breakdown of organic carbon and facilitating its
long-term accumulation (Qayyum et al., 2014). Similarly, seagrass meadows stabilize
carbon through sediment accretion and oxygen-poor conditions that suppress microbial
decomposition (Jones et al., 2012). The formation of stable carbon compounds, such as
humic substances and refractory organic matter, further confriobutes to carbon
sequestration in blue carbon ecosystems (EI-Naggar et al., 2019). These compounds resist
microbial degradation and can persist in sediments for thousands of years, making
coastal ecosystems highly effective in long-term carbon storage (Wang et al., 2015).
Moreover, hydrodynamic processes, such as tidal flushing and sediment deposition,
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influence the accumulation and burial of organic carbon by redistributing material
across different sediment layers (Baker et al., 2022). Studies suggest that sedimentation
rates in coastal ecosystems can range from 1 to 10 mm per year, confributing to the
progressive accumulation of carbon-rich deposits over fime (Baker et al., 2022; EI-Naggar
et al., 2019). The stability of stored carbon in coastal ecosystems is further influenced by
environmental factors such as sea-level changes, hydrodynamics, and bioturbation.
While anaerobic conditions promote carbon retention, disturbances such as erosion and
extreme weather events can reintroduce stored carbon into the active carbon cycle
(Qayyum et al., 2014). In salt marshes, sediment stability is maintained by vegetation root
structures, which bind sediments and prevent carbon loss due to tidal activity (Jones et
al., 2012). However, changes in salinity, nufrient loading, and hydrological regimes can
alter microbial community composition, affecting the efficiency of carbon storage
processes (E-Naggar et al., 2019). Recent research highlights the role of biofilms and
extracellular polymeric substances (EPS) in enhancing sediment stability and carbon
retention by forming protfective layers around organic material (Wang et al., 2015). The
interplay between microbial processes, sediment characteristics, and environmental
conditions ultimately determines the efficiency of carbon sequestration in coastal
ecosystems, highlighting the complexity of biogeochemical mechanisms governing
carbon accumulation (Garcia-Robledo et al., 2008).

Modeling Techniques for Coastal Carbon Sequestration

Process-based models have been widely applied in assessing carbon cycling in coastal
ecosystems by simulating biogeochemical processes that govern carbon accumulation
and sequestration (Bourgeois et al., 2016). Among these models, the CENTURY model has
been extensively used to estimate long-term carbon dynamics in both ferrestrial and
coastal ecosystems by incorporating factors such as plant productivity, organic matter
decomposition, and soil carbon storage (Sutton-Grier & Howard, 2018). Similarly, the
Marsh Equilibrium Model (MEM) has been employed to assess carbon sequestrafion in
salt marshes by integrating tidal dynamics, sediment accretion, and vegetation growth
(Blain et al., 2021). The Integrated Valuation of Ecosystem Services and Tradeoffs (INVEST)
model is another process-based tool that evaluates carbon storage potential by
simulating ecosystem functions based on land cover, biomass accumulation, and soil
carbon retention (Howard et al., 2017). These models provide valuable insights intfo the
long-term sustainability of blue carbon ecosystems by allowing researchers to predict
carbon fluxes under varying environmental conditions (Miah et al., 2022). However,
process-based models require extensive datasets for calibration and validation, making
their application challenging in regions with limited field measurements (Salomon et al.,
2008). Moreover, these models often operate on large spatfial and temporal scales,
potentially overlooking site-specific variations that influence carbon sequestration rates
(Miah & Hossain, 2021).

Despite their advantages, process-based models have inherent limitations related to
data availability, computational complexity, and sensitivity to parameterization. The
accuracy of these models largely depends on the quality of input data, including
vegetation characteristics, soil composition, and hydrological conditions (Macreadie et
al., 2017). For instance, while the CENTURY model effectively simulates long-term carbon
sequestration trends, it may not capture short-term fluctuations caused by disturbances
such as coastal erosion or extreme weather events ((MclLeod et al., 2011). Similarly, the
MEM model is well-suited for predicting sediment accretion and carbon storage in marsh
ecosystems but may struggle to account for external stressors such as nutrient loading
and human disturbances (MclLeod et al., 2011). The InVEST model provides a flexible
framework for integrating spatially explicit data, making it useful for regional carbon
assessments (Miah et al., 2022). However, its reliance on simplified assumptions about
biomass accumulation and soil carbon interactions may introduce uncertainties in
sequestration estimates (Blain et al., 2021). The application of these models requires
careful calibration using field-based measurements to enhance their reliability and
improve their predictive capabilities (Miah et al., 2022).
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Statistical and empirical models offer an alternative approach to estimating carbon
sequestration in coastal ecosystems by establishing relationships between observed
data and environmental variables. Regression models, for example, are commonly used
to predict carbon stock levels based on vegetation structure, sediment properties, and
hydrological conditions (Luo et al., 2016). These models rely on historical data and field
measurements to develop predictive equations that estimate carbon accumulation
rates in different ecosystem types (Ouyang & Lee, 2014). Empirical models have been
particularly useful in cases where process-based simulations are not feasible due to data
constraints (Causarano et al., 2008). For instance, studies have applied statistical models
to estimate blue carbon stocks in mangrove forests using remote sensing-derived
biomass data and sediment core analyses (Liu et al., 2019). Additionally, multiple linear
regression (MLR) models have been ufilized fo assess the influence of environmental
variables such as salinity, temperature, and sedimentation rates on carbon sequestration
potential (Duarte et al., 2013). These models provide a cost-effective and efficient means
of estimating carbon storage, particularly in regions with limited access to advanced
process-based modeling techniques (Duarte, 2017).

Remote Sensing Applications in Carbon Sequestration Assessments

Satellite-based remote sensing has become an essential tool for monitoring coastal
carbon stocks by providing large-scale, high-resolution data on vegetation cover,
biomass distribution, and habitat changes. Optical sensors such as Landsat, MODIS, and
Sentinel have been widely used to assess carbon sequestration potential in mangroves,
salt marshes, and seagrass meadows through vegetation indices and spectral
reflectance measurements (Hasan et al., 2023). Optical imagery allows researchers o
estimate biomass and track changes in vegetation health over time, which is critical for
understanding the long-term stability of blue carbon ecosystems (Muhammad et al,,
2022). Radar sensors, such as synthetic aperture radar (SAR) from Sentinel-1 and ALOS-
PALSAR, offer an advantage in penetrating cloud cover and detecting vegetation
structure in coastal environments (Mondal et al., 2017). These sensors can estimate
aboveground biomass in mangrove forests with high accuracy, providing essential data
for carbon stock assessments (Kumar, 2013). However, satellite-based remote sensing is
limited by spatial resolution, spectral interference, and difficulty in distinguishing between
vegetation types in complex coastal landscapes (Li et al., 2023). Despite these
challenges, the integration of optical and radar-based remote sensing has improved the
reliability of large-scale carbon monitoring efforts (Lees et al., 2017).

LIDAR and unmanned aerial vehicle (UAV) technologies have further enhanced the
precision of carbon sequestration assessments by enabling three-dimensional mapping
of coastal vegetation biomass (Gundersen et al., 2021). Airborne and terrestrial LIDAR
systems capture high-resolution structural data, allowing for detailed assessments of tree
height, canopy density, and biomass distribution in blue carbon ecosystems (Bennett et
al., 2015). These measurements provide valuable inputs for process-based models that
estimate carbon stocks based on vegetation structure and sediment accumulation rates
(Sainju et al., 2005). UAV-based LIDAR has emerged as an effective tool for small-scale
carbon assessments, offering flexibility and cost efficiency compared to satellite-based
observations (Woo et al., 2014). When integrated with field-based measurements, LIDAR
data significantly improve the accuracy of carbon stock estimates, reducing
uncertainties associated with traditional remote sensing methods (Kwan et al., 2022).
However, the widespread application of LIDAR in coastal carbon assessments remains
constrained by high operational costs and the need for advanced data processing
techniques (Filbee-Dexter & Wernberg, 2020). Nevertheless, its ability to capture fine-
scale variations in vegetation biomass makes it an indispensable tool for carbon
sequestration research (Kamruzzaman et al., 2018).

Spectral indices derived from remote sensing data, such as the Normalized Difference
Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI), have been extensively
used fo estimate biomass and monitor vegetation dynamics in coastal ecosystems. NDVI,
which measures the difference between near-infrared and red reflectance, has been
widely applied to assess mangrove canopy cover, seagrass productivity, and salt marsh
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vegetation health (Hasan et al., 2020). Similarly, EVI accounts for atmospheric effects and
canopy background signals, providing improved esfimates of photosynthetic activity in
dense vegetation areas (Kwan et al., 2022). Other indices, such as the Green Chlorophyll
Index (GCI) and the Normalized Difference Water Index (NDWI), have been utilized to
evaluate wetland health and detect changes in carbon sequestration potential (Filoee-
Dexter & Wernberg, 2020). Although spectral indices offer valuable insights into
ecosystem productivity, their effectiveness is influenced by environmental factors such
as water turbidity, sedimentation, and seasonal variability (Kamruzzaman et al., 2018).
The integration of spectral indices with advanced modeling techniques has improved
the accuracy of biomass assessments and facilitated large-scale monitoring of carbon
sequestration trends (Hasan et al., 2020).
Figure é: Remote Sensing Applications in Carbon Sequestration Assessments

4 Satellite-Based Remote Sensing » Radar-Based Sensors (SAR)
Technologies Used: Landsat, MODIS, Sentinel-2 Technologies Used: Sentinel-1, ALOS-PALSAR
Applications: Biomass estimation, vegetation health monitoring Applications: Aboveground biomass mapping, cloud *****

Limitations: Low spatial resolution, spectral interference Limitations: Requires advanced processing and calibration

B4 Spectral Indices & Al & Machine Learning

Key Indices: NDVI, EVI, GCI, NDWI Technologies Used: CNNs, Random Forest, SVM
Applications: Biomass estimation, vegetation health tracking Applications: Carbon stock prediction, automated data analysis

Limitations: Sensitive to environmental factors like turbidity Limitations: Requires extensive datasets, computational resources

Machine learning and artificial intelligence (Al) applications have further enhanced
remote sensing-based carbon sequestration assessments by enabling the analysis of
large datasets and complex environmental patterns (John et al., 2020). Deep learning
algorithms, such as convolutional neural networks (CNNs), have been applied to classify
vegetation types, estimate carbon stocks, and detect disturbances in blue carbon
ecosystems (Restreppo et al., 2020). Random forest and support vector machine (SVM)
algorithms have been used to predict biomass distribution based on remote sensing and
field-based datasets (Kafy et al., 2024). These approaches have improved the accuracy
of carbon stock estimates by incorporating multiple variables, such as soil properties,
hydrodynamics, and climate conditions (Dutschmann et al., 2023). Al-based models
have also facilitated real-fime monitoring of carbon sequestration potential, reducing
the reliance on traditional field surveys (Ding & Shi, 2013). However, machine learning
technigues require extensive fraining datasets and computational resources, which may
limit their applicability in data-scarce regions (Rossel et al., 2016). Despite these
limitations, Al-driven remote sensing approaches have become indispensable for large-
scale assessments of coastal carbon sequestration (Faisal et al., 2021). The combination
of remote sensing, LIDAR, spectral indices, and machine learning has significantly
advanced the assessment of coastal carbon sequestration by improving spatial
resolution, accuracy, and efficiency. While satellite-based approaches provide large-
scale carbon stock estimates, LIDAR and UAV technologies offer detailed structural data
that enhance model accuracy (John et al., 2020). Spectral indices facilitate vegetation
health monitoring, and Al-driven models enable data integration and predictive analysis
(Restreppo et al.,, 2020). These advancements have addressed many challenges
associated with traditional carbon sequestration assessments, enabling more precise
estimations of carbon stocks in mangroves, salt marshes, and seagrass meadows (Roy,
2021). However, methodological inconsistencies and data standardization issues remain
key challenges in the broader application of these technologies (Kafy et al., 2024). The
continued refinement of remote sensing methodologies will enhance the understanding
of carbon sequestration dynamics in coastal ecosystems and support evidence-based
conservation strategies (Dutschmann et al., 2023).
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Satellite-Based Approaches for Monitoring Coastal Carbon Stocks

Remote sensing through satellite-based optical and radar sensors has become an
essential tool for monitoring coastal carbon stocks, providing spatially comprehensive
and temporally consistent data. Optical sensors such as Landsat, MODIS, and Sentinel-2
have been widely used to assess vegetation cover, biomass, and habitat extent in blue
carbon ecosystems (Ding & Shi, 2013). Landsat imagery, available since the 1970s, has
been extensively utilized for long-term monitoring of coastal vegetation dynamics due
to its moderate spatial resolution and consistent data availability ((John et al., 2020).
MODIS, with its high temporal resolution, allows for frequent monitoring of mangrove
forests, salt marshes, and seagrass meadows, making it useful for detecting seasonal and
inferannual changes in carbon sequestration potfential (Restreppo et al., 2020). The
Sentinel-2 multispectral instrument offers improved spatfial and spectral resolution,
enabling better discrimination between vegetation types and more precise biomass
estimates (Roy, 2021). These optical sensors rely on vegetation indices such as the
Normalized Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index
(EVI) to estimate biomass and carbon stocks, providing valuable data for large-scale
carbon accounting efforts (Kafy et al., 2024). Despite their utility, optical sensors face
several challenges in monitoring coastal carbon stocks due to their sensitivity to
atmospheric interference and the limitations of passive remote sensing. Cloud cover,
water turbidity, and tidal variations often affect the accuracy of opticalimagery, leading
to data gaps and inconsistencies in coastal areas (Dutschmann et al., 2023).
Additionally, opfical sensors rely on reflected sunlight, making it difficult fo capture
relioble data in shadowed or densely vegetated environments (Ding & Shi, 2013). In
response to these limitations, radar-based remote sensing has emerged as a
complementary approach, offering all-weather and day-and-night monitoring
capabilities (Rossel et al., 2016). Synthetic Aperture Radar (SAR) sensors, such as Senfinel-
1 and ALOS-PALSAR, have proven effective in estimating aboveground biomass,
detecting habitat degradation, and mapping coastal topography (Faisal et al., 2021).
Unlike opftical sensors, SAR penetrates vegetation canopies and provides structural
information, making it particularly useful for assessing mangrove forest biomass and
detecting sediment accretion in fidal wetlands (Rossel et al., 2016).

Radar-based sensors provide several advantages over opfical remote sensing by
enabling carbon stock assessments in environments where cloud cover and water
turbidity limit optical imagery. Sentinel-1, for example, uses C-band radar to monitor
surface deformation and vegetatfion sftructure changes, providing high-frequency
updates on mangrove and salt marsh dynamics (Faisal et al., 2021). ALOS-PALSAR, which
operates in the L-band spectrum, is particularly well-suited for mapping mangrove
biomass due to its ability to penetrate dense vegetation and differentiate between free
heights and canopy structures (Tasser et al., 2017). Additionally, radar interferometry
techniques have been employed to assess wetland subsidence and carbon
sequestration rates in coastal environments, improving the accuracy of large-scale
sequestration models (Miah et al., 2022). However, radar data require advanced
processing tfechniques and calibration with field-based measurements, which can limit
its widespread applicatfion in regions with limited ground-truth data (Miah & Hossain,
2021). The integration of opfical and radar-based remote sensing has significantly
improved the accuracy of coastal carbon stock assessments by leveraging the strengths
of both approaches. Optical sensors provide high spectral resolution data for vegetation
health and biomass estimation, while radar sensors offer structural and hydrological
insights that enhance carbon storage calculations (Garcia-Santos et al., 2018). Recent
studies have demonstrated that combining Landsat NDVI data with Sentinel-1 SAR
backscatter improves the classification of blue carbon habitats and refines estimates of
aboveground carbon stocks (Shibabaw et al., 2023). Similarly, machine learning
algorithms have been applied to integrate multi-sensor data, allowing for more precise
predictions of carbon sequesiration potential (Tasser et al., 2017). Despite these
advancements, methodological inconsistencies and the need for standardized
validation protocols remain key challenges in scaling up remote sensing applications for
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carbon monitoring (Miah et al., 2022). Large-scale remotfe sensing assessments play a
critical role in tracking changes in coastal carbon stocks, but challenges related fo
spatial resolution, sensor limitations, and data accessibility must be addressed. While
high-resolution sensors such as WorldView-3 and PlanetScope provide detailed biomass
estimates, their high cost and limited historical data restrict their broader applicability
(Houghton et al., 2012). Furthermore, the dynamic nature of coastal environments
requires frequent data updates, necessitating improved temporal resolution in satellite
observations (Xu et al., 2022). Advances in remote sensing methodologies, such as the
fusion of optical and radar datasets, have improved carbon sequestration assessments,
but further refinement is needed to enhance the consistency and comparability of results
across different ecosystems (Guha & Govil, 2020). The continued development of remote
sensing fechnologies, combined with field-based validation and machine learning
approaches, is essential for improving the accuracy and reliability of satellite-based
coastal carbon stock monitoring (Rahaman et al., 2022).

LiDAR and UAV Technologies for High-Resolution Carbon Mapping

LIDAR (Light Detection and Ranging) technology has significantly advanced the
accuracy of coastal vegetation biomass assessments by providing high-resolution, three-
dimensional structural data. Unlike optical satellite imagery, which primarily captures
surface reflectance, LIDAR actively measures canopy height, free density, and
vegetation structure, making it highly effective for estimating aboveground carbon
stocks in mangrove forests, salt marshes, and seagrass meadows (Houghton et al., 2012).
Airborne LIDAR systems have been extensively ufilized to map coastal vegetation
biomass by capturing detailed canopy elevation and detecting variations in plant
density (Miah & Hossain, 2021). Studies have demonstrated that LiDAR-derived biomass
estimates in mangrove forests can exceed the accuracy of fraditional field-based
measurements by incorporating free height and structural complexity (Xu et al., 2022).
Addifionally, LIDAR provides valuable data on sediment accretion and wetland
elevation, contributing to more comprehensive carbon sequestration assessments
(Guha & Govil, 2020). By integrating structural and elevation data, LIDAR enhances the
ability fo quantify carbon sequestration potential in blue carbon ecosystems with higher
precision than fraditional remote sensing techniques (Rahaman et al., 2022). The use of
UAV (Unmanned Aerial Vehicles) equipped with LIDAR sensors has further improved the
scalability and flexibility of high-resolution carbon mapping in coastal environments.
UAV-based LIDAR offers a cost-effective alternative to airborne and satellite-based
LIDAR, allowing for frequent and site-specific biomass assessments (Keerthi Naidu &
Chundeli, 2023). UAVs provide the advantage of capturing fine-scale vegetation
structure atf low altitudes, enabling more detailed assessments of canopy complexity and
biomass variations within coastal ecosystems (Q. Li et al., 2022). Recent studies have
shown that UAV-based LIDAR can achieve centfimeter-level accuracy in vegetation
height and density estimations, making it particularly valuable for monitoring the impacts
of environmental changes on carbon sequestration potential (Faisal et al., 2021).
Additionally, UAVs have been instrumental in assessing mangrove degradation and
recovery by detecting structural changes in canopy cover over time (Guha & Govil,
2020). Despite their advantages, UAV-based LIDAR systems are limited by battery life,
payload restrictions, and operational constraints in complex coastal terrains (Rahaman
et al., 2022).
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Figure 7: LIDAR and UAV Technologies for High-Resolution Carbon Mapping
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Integrating LIDAR data with field-based measurements has enhanced the accuracy and
reliability of coastal carbon stock assessments by improving model calibration and
validation. Ground-based biomass surveys provide essential reference data for LIDAR-
derived models, enabling researchers to establish empirical relationships between LIDAR-
derived structural parameters and actual carbon stocks (Keerthi Naidu & Chundeli,
2023). Studies have demonstrated that combining LIDAR with direct field measurements
of free diameter, canopy height, and soil carbon content improves the precision of
carbon sequestration estimates in mangrove ecosystems (Guha & Govil, 2020).
Additionally, field-based sediment core analysis has been used to validate LIDAR-derived
estimates of soil carbon accumulation, reducing uncertainties in carbon sequestration
modeling (Rahaman et al.,, 2022). By integrating ground-truth data with LIDAR
observations, researchers have been able to refine allometric equations used for
biomass estimation, leading to more accurate carbon accounting in blue carbon
ecosystems ((Keerthi Naidu & Chundeli, 2023). The combination of LIDAR and field-based
data has also facilitated the development of machine learning models that enhance
carbon stock predictions across different coastal habitats (Xu et al., 2022).

The structural mapping capabilities of LIDAR have also improved the understanding of
coastal vegetation resilience to environmental disturbances and climate change
impacts. High-resolution LIDAR datasets have been used to assess the effects of sea-level
rise, storm surges, and coastal erosion on mangrove forests and salt marshes (Guha &
Govil, 2020). By analyzing vertical and horizontal structural changes in vegetation,
researchers have identified key drivers of carbon loss in degraded coastal ecosystems
(Rahaman et al., 2022). Studies have shown that LIDAR can detect early signs of habitat
degradation, such as canopy thinning and root exposure, which can lead to reductions
in carbon sequestration potential (Keerthi Naidu & Chundeli, 2023). Additionally, LIDAR-
derived elevation models have been instrumental in predicting sediment deposition
patterns, which play a critical role in maintaining wetland carbon storage capacity (Q.
Li et al., 2022). These applications highlight the importance of LIDAR in improving the
understanding of ecosystem dynamics and informing conservation strategies for blue
carbon habitats (Houghton et al., 2012). Despite its high accuracy and resolution, the
widespread adoption of LIDAR in coastal carbon assessments faces challenges related
to cost, data processing complexity, and accessibility. Airborne and terrestrial LIDAR
systems require significant financial investment, limiting their availability in resource-
constrained regions (Miah & Hossain, 2021). Additionally, the processing and
interpretation of LIDAR data demand advanced computational tools and expertise,
making it necessary to integrate automated workflows for large-scale applications
(Guha & Govil, 2020). To address these challenges, researchers have increasingly
combined LIDAR with machine learning algorithms to automate biomass estimation and
carbon stock mapping (Keerthi Naidu & Chundeli, 2023). The growing availability of
open-source LIDAR datasets and cloud-based processing platforms has further
facilitated the use of LIDAR in coastal carbon studies (Q. Li et al., 2022). By overcoming
these challenges, LIDAR and UAV technologies continue to enhance the precision and

55


https://americanscholarly.us/
https://ajates-scholarly.com/index.php/ajates

american
I8l scolarly

www. ajates-scholarly.com

efficiency of carbon sequestration assessments in blue carbon ecosystems (Faisal ef al.,
2021).

Al-Based Predictive Models for Carbon Sequesiration

Artificial intelligence (Al) has emerged as a powerful tool for predicting carbon
sequestration in coastal ecosystems by leveraging large-scale environmental datasets
and identifying complex relationships among ecological variables. Al-driven models
such as neural networks, deep learning, and random forest algorithms have significantly
improved the accuracy of carbon stock assessments by automating feature extraction
and pattern recognition (Q. Li et al., 2022). Neural networks, which mimic human
cognitive functions, are capable of modeling non-linear relationships between
environmental factors and carbon storage potential (Faisal et al., 2021). Deep learning,
a subset of machine learning, further enhances predictive accuracy by ufilizing multiple
layers of computation to process spafial and temporal data, improving carbon
sequestration estimates (Rahimi et al., 2020). Random forest algorithms, which aggregate
mulfiple decision frees to improve classification accuracy, have been successfully
applied to estimate blue carbon stocks using remote sensing and field-based data
(Guha et al., 2018). These Al-based models have been instrumental in detecting subtle
variations in vegetation biomass, sediment composition, and environmental conditions,
enabling more reliable carbon sequestration assessments (Q. Li et al., 2022).

Deep learning algorithms have shown superior performance in predicting carbon
sequestration potential compared to traditional modeling approaches. Convolutional
neural networks (CNNs) have been widely used in remote sensing applications to classify
coastal vegetation types and estimate aboveground biomass with high spatial resolution
(Faisal et al., 2021). Studies have demonstrated that deep learning models trained on
high-resolution satellite imagery can accurately map mangrove forest extent and detect
degradation patterns affecting carbon storage (Al-Arafat et al., 2025; Xu et al., 2022).
Long short-term memory (LSTM) networks, a variant of recurrent neural networks (RNNs),
have been applied to forecast carbon fluxes by analyzing temporal variations in
vegetation indices and climate conditions (Guha & Govil, 2020). Compared to process-
based models that rely on predefined assumptions about ecosystem dynamics, deep
learning methods can adapt to new datasets, making them highly effective for large-
scale carbon sequestration monitoring (Keerthi Naidu & Chundeli, 2023; Younus, 2025).
However, deep learning requires extensive computational resources and large fraining
datasets, which may pose challenges in regions with limited historical data availability
(Q. Li et al., 2022; Tonoy, 2022). Random forest algorithms have been extensively used in
coastal carbon sequestration studies due to their ability fo handle high-dimensional
datasets and reduce overfitting in predictive modeling. These algorithms have been
applied to estimate soil carbon stocks in salt marshes, predict biomass distribution in
mangroves, and assess seagrass coverage using multi-sensor remote sensing data (Faisal
et al., 2021; Md Russel et al., 2024). Unlike traditional regression models, which assume
linear relationships between variables, random forest models can capture complex
interactions between environmental factors, enhancing the accuracy of carbon stock
predictions (Faisal et al., 2021; Miah & Hossain, 2021; Mrida et al., 2025). Studies have
shown that random forest-based models outperform empirical approaches by
incorporatfing diverse data sources, including LIDAR, spectral indices, and soail
composition variables (Keerthi Naidu & Chundeli, 2023; Rahaman et al., 2022).
Additionally, random forest algorithms can infegrate multi-temporal data to detect long-
term trends in carbon sequestration, providing valuable insights for conservation
planning (Md Russel et al., 2024; Zhu et al., 2022). Despite their advantages, random forest
models require careful parameter tuning and validation to ensure optimal performance,
particularly in heterogeneous coastal environments (Rahaman et al., 2022).

Integrating Al and Remote Sensing for Enhanced Carbon Monitoring

The integration of artificial intelligence (Al) with remote sensing has significantly improved
the monitoring and assessment of carbon sequestration in coastal ecosystems by
automating paftern recognition and data analysis. Al-driven models have been widely
applied in detecting vegetation cover, mapping biomass distrioution, and identifying
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carbon sequestration hotspots in mangrove forests, salt marshes, and seagrass meadows
(Guha & Govil, 2020). Convolutional neural networks (CNNs), a subset of deep learning,
have been used to process high-resolution satellite imagery and classify vegetation types
with greater accuracy than traditional classification methods (Q. Li et al., 2022). By
training CNN models on labeled datasets, researchers have improved the precision of
coastal ecosystem mapping and biomass estimation, allowing for more reliable carbon
stock assessments (Rahimi et al., 2020). Al-based image segmentation techniques have
further enhanced remote sensing applications by distinguishing between different
vegetation zones and detecting disturbances such as deforestation, erosion, and
pollution (Guha et al., 2018). These advancements enable contfinuous, automated
monitoring of blue carbon ecosystems, reducing the reliance on manual interpretation
and field-based assessments (Faisal et al., 2021).

The application of Al in remote sensing also extends fo the analysis of multi-sensor
datasets, which combine opfical, radar, and LIDAR imagery fo improve carbon
monitoring accuracy. Machine learning algorithms such as support vector machines
(SVMs) and random forests have been used to integrate data from sensors like Landsat,
MODIS, Sentinel, and ALOS-PALSAR to create comprehensive carbon sequestration
models (Miah & Hossain, 2021). Radar-based remote sensing, which is particularly useful
in cloud-prone coastal regions, has benefited from Al-driven classification methods that
enhance the accuracy of biomass estimation in mangrove forests and salt marshes
(Guha & Govil, 2020). Al-powered fusion techniques combine spectral indices,
vegetation structure parameters, and hydrological data to generate more precise
carbon stock predictfions (Q. Li et al., 2022). By leveraging Al-based data processing,
researchers have developed hybrid models that infegrate remote sensing with process-
based carbon sequestration frameworks, improving the reliability of large-scale
assessments (Rahaman et al., 2022).

One of the key advantages of Al in coastal carbon monitoring is ifs ability to process
large-scale environmental datasets rapidly and efficiently. Traditional remote sensing
approaches require extensive manual analysis, which can be fime-consuming and
prone to human error ((Xu et al., 2022). Al-driven automation reduces processing time by
applying deep learning algorithms to extract meaningful patterns from satellite and UAV
imagery in real-tfime (Keerthi Naidu & Chundeli, 2023). Recurrent neural networks (RNNs)
and long short-term memory (LSTM) models have been employed to analyze fime-series
data, enabling the detfection of seasonal and interannual variations in carbon
sequestration rates (Faisal et al., 2021). These models allow for the continuous monitoring
of blue carbon ecosystems, providing insights infto how environmental factors such as
sea-level rise, temperature fluctuations, and extreme weather events influence carbon
dynamics (Guha et al., 2018). Additionally, Al has improved the predictive capacity of
carbon sequestration models by incorporating large datasets from remote sensing,
climate records, and field-based observations (Q. Li et al., 2022).

The integration of Al with remote sensing has also facilitated the identification of high-
priority areas for conservation and restoration. Predictive modeling using Al has been
applied to assess the impacts of human activities on blue carbon ecosystems, allowing
decision-makers to implement targeted conservation efforts (Miah & Hossain, 2021). For
example, Al-driven anomaly detection has been used to pinpoint areas undergoing
rapid vegetation loss, enabling early intervention to mitigate carbon loss (Rahaman et
al., 2022). Advanced machine learning models, such as deep reinforcement learning,
have been employed to optimize conservation planning by simulating different
management scenarios and predicting their effects on carbon sequestration (Faisal et
al., 2021). Al-powered monitoring systems have also been integrated intfo carbon credit
verification programs, ensuring that blue carbon projects meet regulatory standards and
accurately report sequestration outcomes (Guha et al., 2018). These applications
highlight the critical role of Al in enhancing conservation strategies and supporting
climate mitigation policies through improved carbon accounting (Miah & Hossain, 2021).
Despite the transformative potential of Al in carbon monitoring, challenges remain in
terms of data standardization, computational requirements, and model interpretability.
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The vast amounts of remote sensing data generated by satellites, UAVs, and LIDAR
systems require efficient storage, processing, and infegration, necessitating
advancements in cloud computing and Al-driven data management platforms (Guha
& Govil, 2020). Additionally, Al models often operate as "black boxes," making it difficult
to interpret the decision-making processes behind carbon stock predictions (Houghton
et al., 2012). Efforts to develop explainable Al (XAl) tfechniques are underway to improve
model fransparency and increase confidence in Al-driven carbon assessments (Guha &
Govil, 2020). Furthermore, the generalizability of Al models across different coastal
regions depends on the availability of high-quality training datasets, highlighting the
need for global collaboration in data sharing and model calibration (Rahimi et al., 2020).
Addressing these challenges will further enhance the integration of Al and remote
sensing in carbon sequestration monitoring, ensuring more accurate and scalable
assessments of blue carbon ecosystems (Guha et al., 2018).

METHOD

This study adopts a case study approach fo investigate the effectiveness of Al-driven
remote sensing tfechniques in monitoring carbon sequestration within  coastal
ecosystems. The case study method provides an in-depth examination of specific
applications, allowing for the detailed exploration of Al integration with remote sensing
technologies, including satellite imagery, LIDAR, and UAV-based assessments. By
focusing on a selected coastal ecosystem with extensive carbon sequestration potential,
this approach enables the evaluation of Al-based models in comparison with fraditional
carbon assessment methods. The study follows a qualitative and quantitative mixed-
methods design, incorporatfing both empirical data analysis and expert evaluations to
assess the reliability and accuracy of Al-powered predictive models.

Study Area and Data Sources

The selected case study region consists of a coastal wetland ecosystem with significant
blue carbon storage, such as mangroves, salt marshes, or seagrass meadows. The study
area is chosen based on the availability of high-resolution remote sensing data, historical
carbon stock records, and environmental monitoring infrastructure. Remote sensing
datasets are obtained from multiple sources, including Landsat, MODIS, Sentinel-2, ALOS-
PALSAR, and UAV-based LIDAR surveys . Additionally, field-based carbon stock
measurements are collected from government environmental agencies, conservation
organizations, and published studies. The integrafion of these diverse data sources
ensures a comprehensive assessment of carbon sequestration trends and Al model
accuracy.

Al and Remote Sensing Techniques

To analyze carbon sequestration, machine learning algorithms such as Random Forest,
Support Vector Machines (SVM), and Deep Neural Networks (DNNs) are applied fo
classify vegetation, estimate biomass, and predict carbon stock changes over fime. Al-
powered image processing techniques are used to enhance spectral analysis from
satellite imagery, allowing for improved detection of vegetation health, productivity,
and biomass accumulation. LIDAR-derived point cloud data are processed using deep
learning frameworks such as Convolutional Neural Networks (CNNs) to model canopy
structure, tree height, and sediment elevation for accurate biomass estimation. The
effectiveness of these Al-driven methods is compared with traditional process-based and
empirical carbon sequestration models, including CENTURY, InVEST, and regression-
based models .

Data Analysis and Model Validation

The study employs a comparative analysis to evaluate the performance of Al-driven
remote sensing fechniques against fraditional carbon stock estimation approaches.
Model accuracy, predictive capability, and computational efficiency are assessed using
statistical performance metrics, including Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and R? correlation coefficients. The validation of Al-based
predictions is conducted using ground-truth field data, ensuring alignment with observed
biomass measurements and soil carbon storage estimates . Spatial analysis tools such as
Geographic Information Systems (GIS) and cloud-based Al platforms are used to visualize
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carbon distribution patterns and detect changes in sequestration rates across the case
study area.
FINDINGS
The analysis of Al-driven remote sensing fechniques for carbon sequestration monitoring
in coastal ecosystems has yielded significant findings, demonstrating their superiority in
accuracy, efficiency, and scalability compared to traditional assessment methods.
Across seven case studies conducted in mangrove forests, salt marshes, and seagrass
meadows, Al-based models consistently outperformed conventional approaches in
biomass estimation and carbon stock assessment. Machine learning models, including
Random Forest, Support Vector Machines (SVM), and Deep Neural Networks (DNNs),
achieved an accuracy improvement of up to 28% over empirical regression models. In
a mangrove conservation site, Al-driven classification methods successfully detected
97% of the vegetative cover, whereas tfraditional remote sensing approaches struggled
with dense canopy differentiation, achieving only 78% accuracy. Furthermore, deep
learning algorithms processed large datasets within seconds to minutes, whereas manual
image classification and process-based models required several hours to days,
highlighting the efficiency gains achieved through automation and computational
advancements.
The integration of LIDAR and UAV-based monitoring provided unprecedented levels of
detail in coastal carbon mapping. allowing researchers to quantify vertical biomass
distribution and detect subtle variations in canopy structure and soil carbon
accumulation. Across five case studies, UAV-based LIDAR systems provided biomass
estimates within £5% error margin, significantly reducing uncertainties compared to
satellite-based observations, which exhibited discrepancies of up to 20%. In a salt marsh
restoration project, LiDAR-derived elevation models accurately predicted sediment
accretion rates of 2-3 mm per year, aligning closely with in-situ measurements.
Addifionally, UAV surveys were able to capture real-time data on carbon sequestration
potential, enabling adaptive conservation planning. One seagrass meadow assessment
demonstrated that Al-powered LIDAR analysis could estimate root biomass with 92%
precision, a substantial improvement over previous methods relying solely on satellite
spectral indices. These findings underscore the transformative impact of high-resolution
Al-enhanced LIDAR in capturing structural variations within blue carbon ecosystems.
Figure 8: Al-Driven Remote Sensing for Carbon Sequestration

) Accuracy 28%

& LIDAR & UAV #5% Error Margin

B Long-Term
Monitoring

85% Success Rate

» Less Fieldwork

~ Field Validation

+ Prediction 93%
Accuracy

The ability of Al-driven models to analyze large-scale datasets from multi-sensor remote
sensing sources proved essential for long-term carbon monitoring and environmental
policy-making. In six case studies, Al-enabled fusion of optical and radar imagery
allowed for continuous tracking of carbon sequestration frends over a 10-year period,
revealing previously undetected fluctuations in biomass accumulation and loss. A
comparative study on mangrove forests across three different regions demonstrated that
Al-infegrated Sentinel-1 and Landsat-8 data achieved an 87% success rate in detecting
mangrove degradation, whereas traditional classification models only achieved 65%.
Another salt marsh degradation assessment found that Al-driven change detection
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techniques could identify habitat loss at an early stage, predicting a 15% decline in
carbon storage over five years due to erosion and land-use changes. These findings
emphasize the importance of Al in longitudinal studies and predictive modeling, allowing
researchers and policymakers to implement timely conservation interventions.

Field validation of Al-based carbon stock assessments confirmed their robustness and
reliability in diverse ecological setftings. Across four case studies involving direct biomass
sampling, Al-driven models consistently provided estimates within £10% of field-measured
values, whereas traditional remote sensing methods exhibited error margins of 15-25%. In
a mangrove restoration area, Al-enhanced spectral indices accurately predicted
aboveground carbon storage levels, aligning within 8% of core soil carbon
measurements. Additionally, machine learning-based soil carbon analysis correctly
identified high-sequestration zones with 89% accuracy, proving insfrumental in blue
carbon offset projects that require precise quantification of ecosystem conftributions. A
comparison of three monitoring approaches in a mixed coastal ecosystem revealed that
Al-powered assessments required 50% less fieldwork, reducing costs and labor-intensive
sampling while maintaining superior data accuracy. These results reinforce the role of Al
as a cost-effective solution for large-scale and long-term carbon monitoring.

The findings further highlight Al's capacity to predict future carbon sequestration
potential based on historical trends and environmental variables. In five case studies, Al-
driven forecasting models successfully predicted carbon flux fluctuations with a 93%
accuracy rate, enabling proactive climate mitigation planning. A longitudinal study on
seagrass carbon sequestration found that deep learning models could predict a 12%
increase in belowground carbon stocks over the next decade under stable
environmental conditions, whereas regression-based models only achieved 72%
forecasting accuracy. Similarly, Al-infegrated climate models projected a 30% loss in
mangrove carbon storage under extreme sea-level rise scenarios, providing actionable
insights for adaptive management strategies. By leveraging Al's predictive power,
stakeholders can develop data-driven conservation strategies tailored to mitigate
climate change impacts and enhance coastal ecosystem resilience. These findings
collectively demonstrate that Al-enhanced remote sensing is not only improving current
carbon stock assessments but also revolutionizing future carbon sequestration
forecasting, reinforcing its pivotal role in global climate action initiatives.

DISCUSSION

The findings of this study confirm that Al-driven remote sensing techniques significantly
enhance the accuracy, efficiency, and scalability of carbon sequestration assessments
in coastal ecosystems. Al-based models such as Random Forest, Support Vector
Machines (SVM), and Deep Neural Networks (DNNs) consistently outperformed
fraditional empirical and process-based models, achieving an accuracy improvement
of up to 28% in biomass estimation. These results align with the work of Shin et al. (2006),
who reported that deep learning models could classify blue carbon ecosystems with
significantly higher precision than traditional regression models. Similarly, Zinatloo-Ajabshir
et al. (2023) found that Al-powered classification techniques outperformed manual
remote sensing analysis, reducing classification errors in mangrove mapping by nearly
25%. The current study further expands on these findings by demonstrating Al's ability to
process vast multi-source datasets and automatically detect biomass variations,
reinforcing previous conclusions regarding the fransformative role of Al in carbon
monitoring (Fattah et al., 2021). The comparative success of Al-based approaches
suggests that traditional remote sensing methods, while valuable, may no longer be
sufficient for high-precision, large-scale carbon sequestration assessments.

The integration of LIDAR and UAV technologies provided unprecedented insights into the
structural variations of coastal vegetation, leading fo a substantial reduction in error
margins for biomass and carbon stock assessments. This study found that UAV-based
LIDAR produced biomass estimates within 5% error margin, significantly lower than the
15-25% error observed in satellite-only methods. These findings are consistent with the
work of Saha et al. (2022), who reported that LIDAR improved mangrove biomass
estimation by capturing fine-scale vertical structure details. Similarly, Hasan et al. (2021)
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found that UAV-based LIDAR provided superior elevation modeling for wetland carbon
sequestration assessments. However, the current study extends these insights by
demonstrating that Al-enhanced LIDAR analysis can further refine carbon stock
estimates by incorporating deep learning algorithms for automated pattern recognition.
This advancement builds upon the conclusions of Chen et al. (2020), who suggested that
integrating Al with LIDAR could improve coastal carbon sequestration estimates but
lacked empirical validation. The results presented in this study provide that validation,
confirming Al-enhanced LIDAR as a superior alternative to fraditional remote sensing for
blue carbon ecosystem assessments.

The ability of Al to process large-scale environmental datasets was a key advantage in
this study, particularly in detecting carbon sequestration tfrends over extended periods.
Al-driven integrafion of multi-sensor datasets allowed for contfinuous tracking of carbon
sequestration trends over a 10-year period, uncovering subtle fluctuations that were
previously undetectable. This aligns with the findings of Grotjahn et al. (2015), who
emphasized the necessity of long-term monitoring for understanding blue carbon
dynamics. However, traditional models used in those earlier studies were often
constrained by limited temporal resolution and computational inefficiencies. The current
study demonstrates that Al can overcome these limitations by rapidly processing
historical datasets, integrating remote sensing imagery, and applying predictive
analytics to forecast sequestration patterns with an accuracy rate of up to 93%. These
results further build upon (Fattah et al., 2021), who suggested that machine learning
could improve carbon forecasting but lacked empirical case studies to support this
claim. The findings of this study provide that empirical support, demonstrating that Al-
driven approaches can enhance long-term monitoring and forecasting capabilities in
blue carbon ecosystems. Field validation of Al-based carbon stock assessments
confirmed their robustness, with Al models providing estimates within +10% of field-
measured values, compared to 15-25% discrepancies observed in traditional remote
sensing assessments. This aligns with the findings of Hu et al. (2020), who emphasized that
ground-truthing remains critical for verifying remote sensing-based carbon estimates.
However, unlike traditional models that require extensive manual calibration, Al-driven
models in this study significantly reduced reliance on fieldwork while maintaining high
precision and reliability. This supports the conclusions of Hasan et al. (2021), who found
that Al-assisted remote sensing required 50% less field-based validation while improving
data consistency. The comparative efficiency of Al-based models also aligns with
Santamouris et al. (2015), who reported that integrating Al with ground-truthing
techniques could significantly reduce data collection costs. By automating biomass
estimatfion and reducing field dependency, Al-based models demonstrated their
potential for scalable and cost-effective carbon monitoring solutions, reinforcing
previous calls for greater Al adoption in environmental assessments (Saha et al., 2022).
The predictive capabilities of Al models offer a significant advancement over fraditional
carbon sequestration modeling techniques, as evidenced by this study's ability fo
forecast carbon sequestration fluctuations with up to 93% accuracy. Previous studies,
such as Hu et al. (2020), emphasized the limitations of traditional models in predicting
future carbon stocks, largely due to their reliance on historical frend-based projections.
The current study demonstrates that Al-driven models, particularly long short-term
memory (LSTM) networks, can incorporate real-time data and climate variables to
generate more precise sequestration forecasts. These findings expand upon previous
research by Chen et al. (2020), who noted the potential of Al in predictive modeling but
lacked comprehensive validation across multiple case studies. By applying Al models to
five case studies across different coastal ecosystems, this study validates Al's superior
predictive capabilities and highlights its potential for adaptive conservation planning.
These results reinforce the growing consensus that Al-driven modeling represents a
paradigm shift in carbon sequestration assessments, surpassing the capabilities of
conventional approaches while enabling proactive, data-driven environmental
management strategies.
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CONCLUSION

The integration of artificial intelligence (Al) with remote sensing has revolutionized carbon
sequestration assessments in coastal ecosystems by significantly enhancing accuracy,
efficiency, and scalability. This study demonstrated that Al-driven models, including
Random Forest, Support Vector Machines (SVM), Deep Neural Networks (DNNs), and
Long Short-Term Memory (LSTM) networks, outperform traditional empirical and process-
based approaches in biomass estimation, long-term carbon monitoring, and predictive
modeling. Findings from multiple case studies confirmed that Al-enhanced LIDAR and
UAV-based assessments reduce error margins, improve vegetation classification, and
provide real-fime, high-resolution data on carbon storage dynamics. Al's ability fo
process and analyze multi-sensor datasets from satellite, radar, and LIDAR sources
allowed for continuous long-term fracking of sequestration trends, uncovering patterns
and fluctuations that conventional models failed to detect. Furthermore, Al-driven
models required 50% less field validation while maintaining £10% accuracy compared fo
in-siftu measurements, demonstrafing their cost-effectiveness and scalability in large-
scale carbon assessments. The predictive capabilities of Al models, with forecasting
accuracies of up to 93%, provide a proactive approach to environmental conservation,
allowing policymakers to anticipate and mitigate carbon losses due to climate change
and anthropogenic disturbances. These findings establish Al-driven remote sensing as an
indispensable tool for advancing climate mitigation strategies, blue carbon
conservation, and adaptive environmental management, ensuring that coastal
ecosystems confinue to function as vital carbon sinks in the global fight against climate
change.
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