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Abstract

Coastal ecosystems play a pivotal role in climate change mitigation through carbon storage and sequestration,
yet they are increasingly threatened by land use and land cover (LULC) change. This study investigates the
spatiotemporal impacts of LULC change on carbon dynamics in Phang Nga Bay, southern Thailand, from 2000
to 2020, with a focus on elevation gradients. By integrating the Random Forest algorithm in Google Earth
Engine (GEE) with the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model, this study
establishes a scalable, high-accuracy framework that overcomes the limitations of resource-intensive field
assessments in complex coastal terrains. The results reveal extensive LULC changes, driven primarily by the
expansion of oil palm plantations replacing evergreen and para rubber forests. These transitions led to a net
carbon storage loss of approximately 821,000 Mg C, with the greatest losses occurring between 2000 and 2010.
In contrast, mangrove forests, although covering only about one-fifth of the area, consistently contributed over
50 percent of carbon storage and showed localized gains in sequestration that offset some conversion losses.
Carbon storage declined across all elevation zones, especially between 100 and 400 m, indicating agricultural
expansion into upland forested areas. These findings highlight the need for elevation-sensitive land
management and targeted conservation strategies that prioritize high-carbon ecosystems, particularly
evergreen and mangrove forests, to ensure long-term carbon sequestration and resilience in tropical coastal
landscapes.
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1. Introduction

Coastal ecosystems, including mangroves, salt carbon sinks that capture and store atmospheric

marshes, swamp forests, wetlands, and seagrass
beds, provide long-term ecological and economic
benefits. These ecosystems support vital services
such as fisheries, aquaculture (e.g., shrimp farming),
and tourism, and serve as biodiversity hotspots that
contribute substantially to local and national
economies. The economic value of these ecosystems
has been estimated at approximately USD 190,000
per hectare in Indonesia and around 300 million Baht
annually in Thailand [1] and [2]. In addition to their
economic significance, coastal ecosystems play a key
role in climate change mitigation by acting as natural
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carbon dioxide [3][4] and [5]. Estimates from the
United Kingdom suggest that preserving existing
coastal habitats could yield approximately £1 billion
in carbon sequestration benefits between 2000 and
2060, while continued habitat loss could reduce this
capacity by £0.25 billion, assuming a 3.5 percent
discount rate [6]. Land use and land cover (LULC)
changes significantly influence both biodiversity and
carbon storage potential. These changes contribute to
ecological degradation and elevate greenhouse gas
emissions, thereby exacerbating climate change [7]

and [8].
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In coastal areas, the effects of LULC change are
particularly complex, as land conversion not only
spreads horizontally but also follows elevation
gradients [9][10] and [11]. Despite this, limited
research has examined the interactions between
elevation-specific land cover changes and their
implications for carbon sequestration. Understanding
this spatially explicit relationship is crucial for
effective land management, zoning regulations, and
climate resilience planning, especially in vulnerable
coastal zones.

Although field-based carbon assessments offer
high accuracy across various ecosystems such as
mangroves, oil palm plantations, and evergreen
forests [12][13][14] and [15], such methods are often
resource-intensive and less feasible for large or
topographically diverse areas. Modelling approaches
such as the Integrated Valuation of Ecosystem
Services and Tradeoffs (InVEST) offer practical
alternatives by enabling spatially  explicit
quantification and visualization of ecosystem
services based on land cover inputs [16][17] and
[18]. The InVEST model has been successfully
applied in a wide range of environments, including
arid, urban, mountainous, and agricultural systems
[19][20][21] and [22], and is increasingly used to
evaluate carbon storage dynamics in coastal areas
[23][24] and [25].

The recent development of cloud-based
geospatial platforms, particularly Google Earth
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Engine (GEE), has further enhanced the capacity to
analyze LULC dynamics. GEE provides access to
multi-temporal satellite imagery and analytical tools
within a scalable infrastructure, enabling efficient
land cover classification and elevation-based spatial
analyses [19]. This study integrates the InVEST
carbon storage and sequestration model with the
GEE platform to assess the spatiotemporal impacts
of LULC changes on both carbon storage and
sequestration in Phang Nga Bay, southern Thailand,
from 2000 to 2020. Particular attention is given to the
elevation dimension of these changes, providing
insights into how land cover transitions at different
altitudes affect regional carbon dynamics. The results
contribute to a better understanding of elevation-
sensitive land transformation and inform sustainable
land use planning and conservation strategies in
tropical coastal ecosystems.

2. Materials and Methods

2.1 Study Area

Phang Nga Bay, located in southern Thailand (Figure
1), is a shallow coastal bay renowned for its scenic
limestone islands, sandy beaches, and biodiversity-
rich ecosystems. Geologically, the bay features
sedimentary and metamorphic rock formations with
widespread limestone outcrops, leading to karst
landforms such as caves and sinkholes. Coastal
subsidence has shaped its rugged coastline, forming
numerous inlets and islands.
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Figure 1: Location of the study area in Phang Nga Bay, Southern Thailand, displaying
the Digital Elevation Model (DEM) and provincial boundaries
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The region has a tropical monsoon climate with two
seasons: a dry season (November—April) and a rainy
season (May—October), receiving an average annual
rainfall of approximately 2,300 millimeters.
Ecologically, the bay includes mangrove forests,
coral reefs, and seagrass beds, which support diverse
marine life. Protected areas such as Ao Phang Nga
National Park (Established in 1981) and its
designation as a Ramsar Site in 2002 highlight its
ecological significance. However, the area is
increasingly threatened by tourism development and
resource  exploitation, posing risks to its
environmental integrity [26][27] and [28].

2.2 Methods

The methodology for this study comprises the
following steps: data collection and preparation,
LULC classification and change detection, carbon
storage and sequestration estimation using the
InVEST model, and calculation of changes in carbon
storage for each LULC type along elevation, as
illustrated in the flowchart (Figure 2).

2.2.1 Data collection and preparation

Landsat imagery from the Landsat 5 and Landsat 8
Collection 2 Level-2 Surface Reflectance (SR)
datasets was obtained via GEE to assess LULC
changes in Phang Nga Bay for the years 2000, 2010,
and 2020. These SR products include standardized
atmospheric correction performed by the USGS, with
Landsat 5 processed using the Landsat Ecosystem
Disturbance Adaptive Processing System (LEDAPS)
and Landsat 8 using the Land Surface Reflectance
Code (LaSRC), ensuring radiometric consistency
across sensors and eliminating the need for additional
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atmospheric correction. All Collection 2 Level-2
datasets also incorporate precision terrain correction
and sensor-level geometric alignment using
consistent ground control points and DEM-based
adjustments, providing sub-pixel co-registration
across  acquisition years and  minimizing
misalignment-induced change artifacts.

For each reference year (2000, 2010, and 2020),
all Landsat scenes covering the study area and
acquired between 1 January and 31 December with
less than 15% cloud cover were selected. These
scenes were refined using per-pixel QA information
from the QA PIXEL band. Cloud and shadow
masking was performed by excluding pixels labeled
as clouds or cloud shadows under the CFMask
algorithm, ensuring consistent and robust
atmospheric screening across all three years. After
masking, sensor-specific scale factors were applied
to the optical SR bands to convert digital numbers to
surface reflectance values. The remaining high-
quality images were then combined into an annual
multi-scene median mosaic composite for each year,
which helped smooth residual haze, illumination
differences, and intra-annual variability. Each
mosaic was subsequently clipped to the Phang Nga
Bay boundary using a region of interest (ROI)
imported from ArcGIS. The final feature stack for
classification comprised all Landsat spectral bands,
key spectral indices (NDVI, MNDWI, NDBI,
NSDSI3, SAVI, EVI, and MBI; see Appendix A:
Table Al), and Shuttle Radar Topography Mission
(SRTM) elevation data, providing a robust and
informative dataset for Random Forest—based LULC
classification.

Landsat Collection 2 Level-2 on GEE
Landsat-5 TM in 2000 & 2010

Landsat- 8 OLI in 2020
Image Pre-Processing
LULC Classification using Random Forest
LULC Map in 2000, 2(1];), & 2020 and its change
Carbon Storage and Seques;ratinn Using InVEST Model
Carbon Storage in 2000, 2010, & 2020

Carbon Sequestration of 2000-2010, 2010-2020 & 2000-2020

LULCC and Their Impact on Carbon Storage and Sequestration

Input

High-Resolution Imagery & Historical Images on Google Earth Pro

Training Points (70) Testing Points (30)

Accuracy Assessment

Elevation Categories:
1) 100 m., 2) 100200 m., 3) 200-300 m.,
4) 300400 m., & 5) = 400 m.

Calculation of Changes in Carbon Storage for Each
LULC Type along Elevation

Impact of LULCC on Carbon Storage & Sequestration along Elevation

Process Output

Figure 2: Methodological workflow integrating Random Forest classification, In'VEST carbon modeling,
and assessment of carbon dynamics along elevation gradients
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2.2.2 Land Use and Land Cover classification and
change detection

LULC classification for Phang Nga Bay was carried
out using the Random Forest (RF) algorithm on the
GEE platform. Seven major LULC categories were
defined based on current land use patterns and
observed landscape characteristics. These categories
include Urban and built-up area (Ur), Oil palm (Op),
Para rubber (Pr), Evergreen forest (Ef), Mangrove
forest (Mf), Waterbody (Wa), and Bare land (Bl).

For each target year (2000, 2010, and 2020),
reference samples were collected through visual
interpretation of high-resolution historical imagery in
Google Earth Pro. A class-wise stratified random
sampling approach was applied to ensure adequate
representation of all LULC categories, utilizing
stratification by land-cover class rather than
proportional area to mitigate the under-
representation of minority classes. The samples were
subsequently partitioned into two independent
subsets: 70% used for training the RF model and 30%
reserved exclusively for accuracy assessment. The
RF algorithm was selected for its robust performance
in high-dimensional data environments, resistance to
overfitting, and interpretability. The algorithm
operates by generating an ensemble of decision trees,
each trained on a random data subset, and aggregates
predictions via majority voting [29]. This
methodology enhances both model generalization
and classification accuracy [30] and [31].

The classification accuracy was evaluated using a
confusion matrix generated from the validation
samples within GEE. Two commonly used
performance metrics were applied: overall accuracy
(OA) and the Kappa coefficient (K). Overall
accuracy represents the percentage of correctly
classified validation samples, while the Kappa
coefficient measures the agreement between
predicted and actual classifications after accounting
for chance agreement [32] and [33]. Both metrics
were computed using the ee.Classifier.confusionMa
trix() function, providing a consistent evaluation of
model performance.

Following classification, LULC changes were
analyzed using a post-classification comparison
technique. This method detects transitions between
land cover types by comparing classified maps from
different years. Change detection was conducted for
three-time intervals: 2000 to 2010, 2010 to 2020, and
2000 to 2020. This approach enabled the
identification of specific "from-to" land cover
conversions and provided a comprehensive
understanding of spatiotemporal dynamics within the
Phang Nga Bay area [34].
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2.2.3 Carbon storage estimation using the InVEST
model

The InVEST model has been widely utilized to
assess carbon storage, an essential ecosystem service
[35][36][371[38][39] and [40]. The carbon storage
module categorizes ecosystem carbon storage into
four fundamental carbon pools: aboveground
biological carbon (in all living plant biomass above
the soil), belowground biological carbon (in the
living root systems), soil organic carbon (distributed
in organic and mineral soils), and dead organic
carbon (in litter and dead trees) [41]. The module
employs a simplified carbon cycle approach,
utilizing each LULC type as the assessment unit. It
calculates the carbon density and storage for each
grid cell based on its respective LULC type, thereby
estimating both carbon storage and sequestration
potential [19] and [42]. For this study, various carbon
pool parameters were obtained by reviewing
different literature sources based on the LULC
classification (Table 1). These parameters were then
incorporated into Equations 1 [43] and [44], and
Equations 2 [45] to calculate the total carbon storage
(C) and carbon sequestration (S) for the study area.
Although the units of carbon pools in the reference
are expressed per hectare (ha), this study presents the
values per square kilometer (km?).

C= =14 *(Cp o+ Cpp+Cy+Cr 0)
Equation 1

Where C is the total carbon storage in the study area,
A is the area of LULC type k, and the four
parameters of carbon density in LULC type k are
above-ground biomass (Cir,, Mg C hal),
belowground biomass (Cis, Mg C ha''), soil organic
carbon (Cis, Mg C ha'), and dead organic matter
(Cra, Mg C ha'l).

Equation 2

Where C'? and C"’ denote the total carbon storage in
the future year (72) and current year (71),
respectively.

2.2.4 Carbon storage change along elevation

To analyze the effects of LULC change on carbon
storage along elevation gradients, the study area was
stratified into five elevation levels: (1) lower than
100 meters, (2) 100—200 meters, (3) 200—300 meters,
(4) 300—400 meters, and (5) more than 400 meters
above mean sea level. For each elevation level, total
carbon storage was calculated for the years 2000,
2010, and 2020 using outputs from the InVEST
Carbon Storage and Sequestration model.
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Table 1: Carbon pools (Mg C ha™!) for different LULC types
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Above-Ground  Underground . Dead Organic
LULC types Organisms Organisms Soil Matter References
Urban and built-up area 0.00 0.00 0.00 0.00 [18] and [46]
Oil palm 73.76° 16.00° 55.80° 3.68¢ 2 [47]
° [48]
©[49]
4[50]
Para rubber 50.73 11.91 113.45 3.55 [22]
Evergreen forest 112.50 32.70 238.00 43.40 [35]
Mangrove forest 67.95 29.85 341.33 3.90 [51]
Waterbody 0.16 0.00 3.29 3.29 [52]
Bare land 0.10 0.00 9.60 0.00 [20]
Table 2: Accuracy assessment of LULC
Class 2000 2010 2020
PA  UA OA (%) K PA UA OA (%) K PA UA OA(%) K
Ur 0.79  1.00 1.00  0.96 1.00  1.00
Op 094  0.98 097  0.97 098  0.96
Pr 098 0.92 098  0.97 097 0.97
Ef 094 0.98 9538 094 095 0.98 97.59 097 095 098 97.19 097
Mf 099 1.00 1.00  1.00 099 1.00
Wa 096 1.00 098  0.98 094  0.96
Bl 0.97  0.90 094 091 095 0.93

To assess temporal dynamics, trend analysis was
conducted to estimate the rate of change in carbon
storage at each elevation level. In addition, the
contribution of each LULC transition to carbon
storage change within each elevation zone was
quantified. The LULC classification consisted of
seven categories, yielding a total of 42 transition
classes. Only pixels with changes in land use
between time periods were considered in the
analysis.  This  approach  follows  similar
methodologies applied in elevation-based LULC
change studies, such as that of [10], which
demonstrated the effectiveness of elevation-stratified
analysis for understanding vegetation and carbon
dynamics.

3. Results and Discussion

3.1 LULC Assessment and Change in Phang Nga Bay
Using RF and GEE

The RF classification performed on the GEE
platform produced consistently high-accuracy LULC
maps for 2000, 2010, and 2020, with overall
accuracies exceeding 95% and Kappa coefficients
above 0.94 (Table 2). The strong class-wise
Producer’s and User’s Accuracies further confirm
the reliability of the classification across all land
cover categories. These results are consistent with
previous applications of GEE for multi-temporal
land-cover analysis in coastal and wetland
environments, which similarly demonstrate the
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platform’s robustness and the strong performance of
machine-learning classifiers such as RF in complex
landscapes [53][54] and [55]. The inclusion of
spectral indices (e.g., NDVI, MNDWI, NDBI)
enhanced separability among vegetation- and water-
related classes, while the 70-30 training—validation
split and the use of visually interpreted reference
samples provided a sound basis for model
generalization. The scalability and computational
capacity of GEE additionally facilitated efficient
processing of the multi-decadal Landsat dataset [56].

Throughout the study period, waterbodies
consistently remained the dominant land cover class
(Table 3), followed by mangrove forests and para
rubber plantations during 2000 and 2010. However,
by 2020, the landscape underwent a significant shift
due to the marked expansion of oil palm plantations,
which increased to cover 16.62% of the total area.
This expansion occurred largely at the expense of
evergreen forest, para rubber, and bare land.
Consequently, evergreen forest exhibited a
continuous decline, dropping from 10.63% in 2000
to 5.55% in 2020. These changes, illustrated in
Figure 3, indicate a clear pattern of deforestation and
agricultural conversion within the study area over the
two decades. The post-classification change
detection identifies oil palm expansion as the primary
driver of land transformation throughout the study
period (Tables 4-5).
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Figure 3: Spatial distribution of LULC classification in (a) 2000, (b) 2010, and (c) 2020

Table 3: Area and percentage of LULC data in 2000, 2010, and 2020

LULC data in 2000

LULC data in 2010

LULC data in 2020

LULC type

Area

Area

Area

(km?) Percent (km?) Percent (km?) Percent
1  Urban and built-up area (Ur) 2.62 0.29 7.64 0.84 9.45 1.04
2 Oil palm (Op) 54.11 5.95 95.13 10.45 151.29 16.62
3 Pararubber (Pr) 129.24 14.20 128.19 14.08 98.90 10.87
4  Evergreen forest (Ef) 96.73 10.63 62.54 6.87 50.54 5.55
5  Mangrove forest (Mf) 175.64 19.30 176.58 19.40 182.00 20.00
6  Waterbody (Wa) 382.78 42.06 416.77 45.79 398.71 43.81
7  Bareland (B]) 69.06 7.59 23.34 2.56 19.28 2.12
Total 910.18 100.00 910.18 100.00 910.18 100.00
Table 4: Transitional matrix of LULC change between 2000 and 2010
LULC in 2010 (km?)

LULC types Ur Op Pr Ef Mf Wa Bl  Total

""; Urban and built-up area (Ur) 1.95 0.04 0.33 0.01 0.00 0.03 0.25 2.62
& | Oil palm (Op) 0.75 32.92 11.71 2.03 3.87 0.20 2.64 54.11
§ Para rubber (Pr) 0.45 34.67 86.32 3.12 0.00 0.03 464  129.24
A | Evergreen forest (Ef) 0.16 17.51 17.59 54.35 2.39 3.57 1.16 96.73
5 Mangrove forest (Mf) 0.06 0.89 0.16 1.14  167.70 5.32 0.37 175.64
= | Waterbody (Wa) 0.01 0.02 0.03 0.73 0.03  381.77 0.18  382.78
5 Bare land (BI) 4.26 9.09 12.04 1.14 2.58 25.85 14.10 69.06
Total 7.64 95.13 128.19 62.54 176.58 416.77 23.34 910.18

Table S: Transitional matrix of LULC change between 2010 and 2020
LULC in 2020 (km?)

LULC types Ur Op Pr Ef Mf Wa Bl  Total

“E Urban and built-up area (Ur) 4.28 0.87 1.28 0.04 0.02 0.04 1.11 7.64
& | Oil palm (Op) 0.76 67.23 22.33 2.64 0.87 0.04 1.27 95.13
E Para rubber (Pr) 1.88 56.45 63.89 2.42 0.13 0.06 338 128.19
A | Evergreen forest (Ef) 0.05 13.59 5.47 41.58 1.44 0.19 0.22 62.54
'5 Mangrove forest (Mf) 0.03 5.19 0.05 0.79  170.20 0.12 0.20 176.58
= | Waterbody (Wa) 0.20 0.95 0.25 2.77 9.00 397.41 6.18  416.77
B Bare land (BI) 2.26 7.02 5.63 0.30 0.34 0.86 6.92 23.34
Total 945 151.29 98.90 50.54 182.00 398.71 19.28 910.18
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Table 6: Transitional matrix of LULC change between 2000 and 2020

LULC in 2020 (km?)

LULC types

Ur Op Pr Ef Mf Wa Bl Total

""g Urban and built-up area (Ur) 2.03 0.11 0.30 0.01 0.00 0.00 0.17 2.62
2 | Oil palm (Op) 1.26 39.37 8.42 0.73 2.68 0.09 1.57 54.11
§ Para rubber (Pr) 1.42 57.55 65.54 1.90 0.01 0.01 2.80  129.24
r; Evergreen forest (Ef) 0.13 31.72 15.41 4423 3.29 1.04 0.91 96.73
5 Mangrove forest (Mf) 0.05 3.65 0.10 1.13  169.76 0.63 033  175.64
= | Waterbody (Wa) 0.02 0.10 0.05 1.33 0.84 378.02 242  382.78
B Bare land (B]) 4.54 18.78 9.10 1.20 5.42 18.92 11.09 69.06
Total 945 151.29 98.90 50.54 182.00 398.71 19.28  910.18

This trend was characterized by the consistent
replacement of para rubber and evergreen forest with
oil palm plantations in both decades. Over the full
twenty-year period, oil palm area expanded by
approximately 97.16 km?, predominantly through the
conversion of para rubber (57.55 km?), evergreen
forest (31.72 km?), and bare land (18.78 km?) (Table
6). These transitions align closely with national
development initiatives, including the Palm Oil
Industry Strategic Plan [57], government support
policies [58], and rising global demand for biodiesel
as a renewable energy source [59]. Additionally, bare
land exhibited transient behavior throughout the
study period, initially declining due to conversion
into plantations but reappearing in certain locations
following plantation clearing cycles. A noteworthy
apparent conversion of bare land to waterbodies was
also observed; however, visual interpretation of
satellite imagery attributes this primarily to tidal
variation. Specifically, the 2000 imagery captured
low tide conditions that exposed sandy coastlines,
whereas the 2020 imagery coincided with high tide
conditions that inundated these areas. This finding
highlights the critical importance of accounting for
environmental dynamics when interpreting land
cover changes in coastal zones.

Overall, the integration of RF and GEE proved
effective for comprehensive monitoring of LULC
dynamics in Phang Nga Bay. The observed patterns,
characterized by agricultural expansion, forest
decline, and environmentally driven coastal
variability, reflect substantial landscape
reorganization within the study area. The moderate
spatial resolution and multi-decadal continuity of the
Landsat archive enabled reliable detection of these
changes. These results provide an essential
foundation for subsequent analyses of carbon storage
and sequestration, as the dominant LULC transitions
identified here directly underpin the spatial-temporal
carbon dynamics discussed in later sections.

3.2 Assessment of Carbon Storage and
Sequestration Using the InVEST Model and the
Impacts of Land Use and Land Cover Changes

In this study, the three decadal years (2000, 2010, and
2020) were selected to monitor long-term LULC
changes, enabling the detection of major land
transformation patterns and the associated shifts in
carbon storage and sequestration. The results from
the InVEST model indicate a significant decline in
total carbon storage within Phang Nga Bay,
decreasing from approximately 15,360,000 Mg C in
2000 to 14,540,000 Mg C in 2020, representing a net
reduction of approximately 821,000 Mg C over the
study period (Figure 4). The sharpest decline
occurred between 2000 and 2010, driven primarily
by the conversion of evergreen forests into para
rubber and oil palm plantations. This transformation
closely aligns with Thailand’s strategic plan (2004—
2029) aimed at promoting palm oil cultivation, and
reflects broader land use trends observed across
Southeast Asia, where the rapid expansion of oil
palm has resulted in extensive deforestation and
significant losses of carbon stocks [60] and [61].
Thailand’s national policy appears to have played a
catalytic role in accelerating such transformations,
mirroring policy-driven deforestation patterns in
countries like Indonesia and Malaysia [62].

The observed decline in carbon storage is
strongly associated with the reduction of forested
areas, particularly evergreen forests, which, along
with mangrove forests, represent the two LULC
types with the highest carbon pool values in the
region. The replacement of these high-carbon
ecosystems with land uses that have lower carbon
storage potential, significantly undermines the
landscape’s capacity to sequester and retain carbon
over time, thereby contributing to the net reduction
in carbon storage observed throughout the two-
decade period. An overview of carbon sequestration
across different LULC types reveals notable
differences in carbon dynamics during the study
period (Table 7).
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Figure 4: Total carbon storage in the years 2000, 2010, and 2020

Table 7: Carbon storage and sequestration across different LULC types between 2000 and 2020

Carbon storage (Mg C) Carbon sequestration (Mg C)
LULC Type

2000 % 2010 % 2020 %  2000-2010 2010-2020 2000-2020

Urban and built-up area (Ur) 0.00  0.00 0.00  0.00 0.00 0.00 0.00 0.00 0.00
Oil palm (Op) 807,561.44 526 1,419,746.84  9.78 2,257,838.30 1553  612,185.40 838,091.46 1,450,276.87
Para rubber (Pr) 2,321,732.12  15.11  2,302,880.70 15.86 1,776,722.30  12.22  —18,851.42-526,158.39 —545,009.82
Evergreen forest (Ef) 4,126,702.00 26.86 2,667,845.29 18.38 2,156,091.70  14.83 —1,458,856.71 —511,753.59 —1,970,610.30
Mangrove forest (Mf) 7,781,157.35  50.65 7,822,824.33 53.89 8,063,137.09 55.45 41,666.97 240,312.76  281,979.73
Waterbody (Wa) 257,992.43 1.68 280,903.11 1.94 268,731.68 1.85 22,910.67 -12,171.43 10,739.25
Bare land (BI) 66,987.04  0.44 22,635.14  0.16 18,705.77 0.13  —44,351.89 —3,929.37 —48,281.27
Total 15,362,132.38 100.00 14,516,835.41 100.00 14,541,226.85 100.00 —845,296.98 24,391.44 -820,905.54

Evergreen forests exhibited the largest net carbon
loss (approximately 1,970,000 Mg C), whereas oil
palm plantations demonstrated the highest
sequestration gain (approximately 1,450,000 Mg C),
a sharp increase driven directly by their expanded
spatial footprint. Mangrove forests also contributed
positively with a net gain of approximately 282,000
Mg C, demonstrating the resilience of these
ecosystems. In contrast, para rubber plantations
experienced a significant reduction of approximately
545,000 Mg C, indicative of both area decline and
lower carbon density relative to the forests they
replaced. Other land cover types showed only minor
changes during the same period. Spatial analysis
revealed substantial heterogeneity in the distribution
of carbon storage across Phang Nga Bay, with the
highest concentrations located in coastal zones and
western upland areas predominantly covered by
mangrove and evergreen forests (Figure 5). These
ecosystems are recognized for their exceptional
carbon sequestration potential, attributable to their
dense aboveground biomass and substantial soil
organic carbon stocks. The overall reduction in
carbon storage over the two-decade period,
averaging approximately 14,810,000 Mg C across

the years 2000, 2010, and 2020, is closely associated
with the spatial fragmentation and conversion of
high-carbon land cover types.

Spatial changes in carbon sequestration over the
study period further illustrate these dynamics (Figure
6). Between 2000 and 2010, notable reductions were
observed primarily in coastal and hillside regions
(Figure 6(a)), attributed to the rapid expansion of oil
palm and para rubber plantations that replaced high-
carbon evergreen forests. Coastal carbon storage was
further impacted by tidal influences, as areas
classified as bare land in 2000 were predominantly
reclassified as water bodies by 2010, resulting in
additional carbon losses. During the subsequent
period from 2010 to 2020, spatial patterns of carbon
storage change became more dispersed, although
persistent declines occurred, especially in the
southwestern hills (Figure 6(b)). These reductions
were largely due to continued agricultural expansion,
particularly for oil palm plantations. Overall, the
long-term spatial analysis (Figure 6(c)) indicates a
pattern of rapid initial forest conversion followed by
slower, more fragmented land use changes, a trend
consistent with deforestation dynamics observed in
other tropical regions [63] and [64].
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Figure 5: Spatial distribution of carbon storage in Phang Nga Bay in different years:
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Figure 6: Spatial distribution of carbon sequestration changes in Phang Nga Bay for three periods:
(a) 2000-2010, (b) 2010-2020, and (c) 2000-2020, highlighting areas with statistically significant
decreases in red

To better understand how specific land cover
transitions have contributed to changes in carbon
dynamics, a spatial extraction of carbon
sequestration values based on LULC change maps
was conducted (see Appendix A: Table A2).
Quantitative analysis confirms that LULC changes
have significantly influenced carbon storage
dynamics in Phang Nga Bay over the past two
decades. The region experienced a net reduction in
stored carbon of approximately 845,000 Mg C
between 2000 and 2010, followed by a smaller
increase of 24,400 Mg C from 2010 to 2020,
culminating in a cumulative loss of about 821,000
Mg C. These changes reflect spatiotemporal
variations in carbon sequestration potential driven by

International Journal of Geoinformatics, Vol. 22, No

LULC transitions. The most significant contributor
to carbon sequestration losses was the extensive
conversion of evergreen forests to other land use
types, excluding mangrove forests. These transitions
accounted for estimated losses of 1,121,000 Mg C
during the first decade (2000-2010), 529,000 Mg C
during the second decade (2010-2020), and
1,342,000 Mg C across all evergreen forest
conversions identified throughout the study period.
Additionally, the conversion of mangrove forests
resulted in further reductions in carbon sequestration,
with estimated losses of 283,000 Mg C in the first
decade, 170,000 Mg C in the second, and 155,000
Mg C over the entire timeframe.
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The conversion of para rubber plantations into urban
areas, oil palm plantations, and bare land resulted in
substantial carbon losses of roughly 193,000 Mg C,
264,000 Mg C, and 248,000 Mg C, respectively.
Although certain land use transitions, such as the
revegetation of bare land, urban areas, and
waterbodies, led to localized increases in carbon
storage, these gains were insufficient to offset the
broader losses associated with deforestation and
agricultural expansion. Notably, carbon
sequestration gains occurred when low-carbon land
use types, including wurban areas, oil palm
plantations, and degraded lands, were transformed
into higher carbon-storing classes such as Para
rubber, evergreen forest, or mangrove forest,
resulting in net increases in stored carbon. Among all
LULC types, evergreen forests exhibited the most
consistent and substantial carbon losses, highlighting
their vulnerability to land conversion pressures.
Despite a reduction in their spatial extent, evergreen
forests remained a vital carbon sink, contributing
between 14.8% and 26.9% of the region’s total
carbon storage across the study period. In contrast,
mangrove forests, while occupying only 19.3% to
20.0% of the total area, consistently contained the
largest carbon stocks, accounting for 50.7% to 55.5%
of the regional total. These findings underscore the
pivotal role of both evergreen and mangrove forests
in sustaining regional carbon reserves and emphasize
their ecological significance for climate change
mitigation and coastal ecosystem conservation [65]
and [66].

Collectively, these results highlight the
environmental costs associated with continued
agricultural expansion and unregulated land
conversion. They also underscore the urgent need for
evidence-based and sustainable land management
strategies. Preserving high-carbon ecosystems,
particularly mangroves and evergreen forests, should
be prioritized within land use planning frameworks
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development and the provision of ecosystem
services, especially long-term carbon sequestration
[67] and [68].

3.3 Impacts of Land Use Transitions on Carbon
Storage along Elevation
The influence of LULC change on carbon storage
along elevation gradients was examined by analyzing
total carbon storage across five elevation categories
(Figure 7). Results revealed a clear spatial variation
in carbon storage, with the highest values observed
at the lowest elevation level (<100 meters), reaching
up to 13,000,000 Mg C. This is largely attributed to
the dominance of mangrove forests in these low-
lying coastal zones, which contain both the largest
carbon pools (Table 1) and the second-largest spatial
extent. In contrast, carbon storage across higher
elevation levels (100—400 meters and >400 meters)
was considerably lower, with values not exceeding
2,000,000 Mg C. These findings suggest that
elevation plays a critical role in shaping the spatial
distribution of carbon storage in the study area.
Trend analysis (Figure 7) indicates that carbon
storage declined across all elevation levels between
2000 and 2020. Although a modest increase was
recorded at the lowest elevation between 2010 and
2020, the overall 20-year trend reflects a net loss in
carbon storage. The most substantial declines
occurred at mid-elevation ranges (100—400 meters),
where a pronounced negative trend was observed (R?
=0.99). As shown in Figure 8, the percentage change
in carbon storage was lowest (approximately 25%)
between 100 and 200 meters but increased at higher
elevations, particularly above 300 meters. Notably,
the rate of carbon loss during 2010-2020 was lower
than during 2000-2010, especially at elevations
above 300 meters. This pattern may be attributed to
adecline in land conversion intensity during the latter
period, particularly the reduced expansion of oil
palm and para rubber plantations from evergreen

to maintain a balance between economic forest, as reflected in Tables 4 and 5.
Elevation ranges
(a) (b) (c) (d) (e)
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Figure 7: Trends in carbon storage along elevation between 2000 and 2020:
(a) lower than 100 m, (b) 100-200 m, (c) 200—300 m, (d) 300—400 m, and (e) higher than 400 m
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To better understand the drivers of these trends,
carbon storage changes resulting from specific
LULC transitions were analyzed across all elevation
levels. Figures 9 presents the results for the periods
2000-2010, 20102020, and 2000-2020. Between
2000 and 2010 (Figure 9(a)), the most significant
contributors to carbon loss below 100 meters were
the conversion of evergreen forest to oil palm
(approximately 367,000 Mg C), mangrove forest to
water (231,000 Mg C), and evergreen forest to para
rubber (225,000 Mg C). Although some transitions
contributed to localized carbon gains, such as the
conversion of bare land to para rubber (198,000 Mg
C), oil palm (126,000 Mg C), mangrove forest
(110,000 Mg C), and oil palm to mangrove forest
(113,000 Mg C), the overall net effect was a
reduction in carbon storage. During the 20102020
period (Figure 9(b)), similar transition patterns were
observed, albeit with reduced intensity. Evergreen
forest continued to be converted to oil palm (roughly
190,000 Mg C) and para rubber (61,100 Mg C), but
positive transitions such as water to mangrove forest
(377,000 Mg C) and water to evergreen forest
(106,000 Mg C) contributed to some recovery in
carbon stocks. Nevertheless, over the full 2000—-2020
period (Figure 9(c)), oil palm expansion remained
the dominant driver of carbon loss, especially at
elevations up to 200 meters.

At higher elevations (>400 meters), carbon losses
were primarily driven by the conversion of evergreen
forest to oil palm and para rubber. Although less
frequent than in lowland areas, these transitions still
contributed meaningfully to wupland carbon
reductions. Additionally, a few classification
anomalies were identified at elevations above 100
meters, where transitions between mangrove and
evergreen forest were recorded. Given that mangrove
forests are typically restricted to low-lying, coastal
zones, these rare cases, such as the two misclassified
pixels above 400 meters, are likely attributable to

International Journal of Geoinformatics, Vol. 22, No.

spectral similarities between dense forest canopies or
to terrain-related confusion. While the overall impact
of such instances on carbon estimates is negligible,
the results suggest that classification accuracy in
complex forested terrains could be further improved
by incorporating ancillary environmental data such
as proximity to coastline and tidal inundation zones.

Overall, the decline in carbon storage across all
elevation levels reflects a broader trend of forest
degradation, primarily driven by the conversion of
natural forests to oil palm and Para rubber
plantations. While the most pronounced transitions
were concentrated in lowland areas, land use change
also extended into wupland zones. Notably,
conversions were detected at elevations exceeding
400 meters, confirming the upward expansion of
agricultural activities. This mirrors trends across
mountainous mainland Southeast Asia, where rubber
plantations have increasingly expanded into non-
traditional environments above 300 meters, replacing
secondary forests and swidden systems [69]. This
spatial trend is consistent with findings from other
parts of southern Thailand, including Phang Nga
Bay, where oil palm and Para rubber cultivation

dominate the agricultural economy [70].
Furthermore, existing literature emphasizes that
elevation, population density, and economic

incentives significantly influence LULC change
[71]. For instance, simulation studies in Indonesia
demonstrate that the substantial economic benefits of
oil palm for district revenue and employment often
outweigh conservation interests, driving rapid forest
conversion  despite  protected status  [72].
Government policies have also played a key role in
encouraging local communities to expand oil palm
cultivation into higher elevation areas. In addition,
these policies have facilitated the conversion of
carbon-rich peat swamp forests, resulting in
significant reductions in carbon stocks and
disruptions to ecosystem functions [73].
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Figure 9: Changes in carbon storage (Mg C) resulting from LULC transitions along elevation:
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Figure 9: Changes in carbon storage (Mg C) resulting from LULC transitions along elevation:
(a) 2000-2010, (b) 2010-2020, and (c) 2000-2020 (continue from previous page)

Similarly, the conversion of forests to rubber
monocultures in the region has been linked to
accelerated soil erosion, reduced water availability,
and declines in soil organic carbon stocks [69]. These
findings highlight the urgent need for integrated land
management strategies that consider both ecological
vulnerability and socio-economic drivers. The
protection of forested landscapes, particularly in
upland and peatland regions, is essential for
mitigating carbon emissions and ensuring the long-
term resilience of regional ecosystems.

4. Conclusions

This study provides a comprehensive assessment of
LULC change and its implications for carbon storage
and sequestration in Phang Nga Bay, southern
Thailand, over the period 2000—2020. By integrating
the RF classification algorithm in GEE with the
InVEST carbon storage and sequestration model, the
study achieved high classification accuracy and
effectively  quantified spatiotemporal carbon
dynamics across different land cover types and
elevation gradients. The findings reveal substantial
LULC change, primarily driven by the rapid
expansion of oil palm plantations, which replaced
extensive areas of para rubber plantations, evergreen

forests, and bare land. This transition, influenced by
government incentives and global biodiesel demand,
contributed to a substantial net loss in regional
carbon storage. The most significant reductions were
associated with forest conversion, with the largest
carbon sequestration losses occurring during the first
decade due to the clearing of evergreen forests.
Continued conversion of evergreen forests further
contributed to sequestration losses throughout the
study period. In contrast to this declining trend,
mangrove forests remained a stable and critical
component of the region’s carbon balance. Although
covering a relatively small proportion of the area,
they consistently contributed the majority of total
carbon storage, emphasizing their role as long-term
carbon sinks. Moreover, spatial analysis revealed
that while some mangrove forests were lost, mainly
to water bodies and oil palm, these losses were offset
by gains in other areas, resulting in a net positive
sequestration balance.

A critical spatial pattern emerged regarding
elevation: carbon storage declined across all zones,
with the sharpest reductions occurring in mid-
elevation ranges. This pattern reflects upward
agricultural encroachment into forested areas.
Although partial carbon recovery occurred in
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lowland zones after 2010, these gains were not
sufficient to reverse the overall declining trend.
Importantly, the combined use of GEE-based
Random Forest classification and the InVEST carbon
model demonstrates the value of a scalable,
reproducible, and computationally efficient
methodology for assessing ecosystem carbon in
complex coastal terrains. This integrated framework
reduces reliance on resource-intensive field surveys
while providing spatially explicit, elevation-aware
insights into carbon dynamics. The methodological
approach presented here offers a transferable model
for other tropical coastal regions experiencing rapid
land use transformation. These findings underscore
the urgent need for elevation-sensitive and spatially
explicit land management strategies that balance
agricultural development  with  ecosystem
conservation. Protecting and restoring high-carbon
ecosystems, especially evergreen and mangrove
forests, is critical for sustaining carbon sequestration
and enhancing climate resilience. Future policies
should encourage sustainable land use practices
while supporting local livelihoods, and further
research is recommended to explore alternative
approaches that integrate environmental and socio-
economic goals.

5. Limitations and Future work

Although the present classification framework, based
on spectral reflectance, key vegetation and water
indices, and SRTM elevation, achieved high
accuracy, additional feature types may further
enhance class separability in future studies. Textural
descriptors such as Gray-Level Co-occurrence
Matrix (GLCM) metrics and topographic derivatives
such as Terrain Ruggedness Index (TRI) and
Topographic Wetness Index (TWI) could improve
the discrimination of spectrally similar plantation
types, including oil palm and rubber. Moreover,
fractional cover approaches, particularly linear
spectral-mixture modeling, may offer a more
nuanced representation of transitional coastal
environments such as mudflats and aquaculture
ponds, where mixed spectral signals are common.
Incorporating these techniques in future work,
together with spatial-autocorrelation assessments
such as Moran’s I and analyses of clustered change
patterns, could refine land-cover mapping and
strengthen carbon assessments in heterogeneous or
ecotonal landscapes. Regarding the monitoring of
smaller or fragmented zones, this study recommends
integrating high-resolution imagery (e.g., Sentinel-2
or UAVs) to investigate fine-scale land-use
dynamics, offering detailed insights that complement
the regional-scale patterns assessed in this study.
Future research integrating these advanced datasets
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and methodological enhancements would support
more precise detection of landscape changes and
improve the robustness of carbon storage estimations
in complex coastal ecosystems.
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Table Al: Additional spectral Indices for LULC classification
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Spectral Equation Function References
Index
NDVI NIR-R This index measures the greenness and health of [74]
NIR+R vegetation by exploiting the contrast between the red
and near-infrared reflectance of vegetation.
MNDWI GREEN-SWIR This index can enhance open water features while [75]
GREEN+SWIR efficiently suppressing and even removing built-up
land noise as well as vegetation and soil noise.
NDBI SWIR-NIR This index is tailored to identify urban and built-up [76]
SWIR+NIR areas by leveraging the unique spectral response of
these surfaces in the shortwave infrared and near-
infrared regions.
NSDSI3 SWIR1-SWIR2 This index effectively targets bare soil by leveraging [77]
SWIR1+SWIR?2 strong SWIR reflectance compared to water and
vegetation.
SAVI 15+ NIR-R A variation of NDVI, SAVI accounts for the [78]
: NIR+R+0.5 influence of soil background effects, improving
vegetation discrimination in areas with sparse
vegetation cover.
EVI 554 NIR-R Similar to NDVI but with improved sensitivity to [79]
"~ NIR+6*R-7.5*B+1 high biomass regions, EVI incorporates corrections
for atmospheric and soil background effects,
providing a more comprehensive assessment of
vegetation conditions.
MBI SWIRI-SWIR2-NIR This index was modified from NSDSI3 to effectively [80]

+0.
SWIRI1+SWIR2+NIR 0

reduce the positive index values associated with
vegetation, enhancing the ability to distinguish bare
soil areas from vegetated surfaces.

Table A2: Carbon sequestration (Mg C) associated with LULC transitions in Phang Nga Bay
from 2000 to 2020 (Continue next page)

LULC 2000—2010 20102020 2000—2020
Area Area Area
change K2 Mg C k2 Mg C K2 Mg C
Ur-to-Op 0.04 644.72 0.87 12,961.51 0.11 1,638.66
Ur-to-Pr 0.33 5,965.84 1.28 23,006.52 0.30 5,416.15
Ur-to-Ef 0.01 614.30 0.04 1,842.91 0.01 575.91
7,489.66 39,793.18 7,831.82
Ur-to-Mf 0.00 0.00 0.02 877.20 0.00 39.87
Ur-to-Wa 0.03 21.23 0.04 24.26 0.00
Ur-to-Bl 0.25 243.57 1.11 1,080.78 0.17 160.63
Op-to-Ur 0.75 —11,148.23 0.76 —-11,349.71 1.26 —18,777.37
Op-to-Pr 11.71 35,592.65 22.33 67,883.02 8.42 25,581.62
Op-to-Ef 2.03 56,439.98 2.64 73,089.98 0.73 20,119.69
154,898.04 136,815.20 82,480.04
Op-to-Mf 3.87 113,643.85 0.87 25,489.25 2.68 78,741.60
Op-to-Wa 0.20 —2,795.85 0.04 =577.13 0.09 -1,320.97
Op-to-Bl 2.64 —36,834.37 1.27 -17,720.20 1.57 -21,864.52
Pr-to-Ur 0.45 —8,148.47 1.88 —33,693.31 1.42 —25,544.81
Pr-to-Op 34.67 —105,396.27 5645 —171,599.49 57.55 —174,961.85
Pr-to-Ef 3.12 77,170.05 2.42 59,677.94 1.90 47,031.05
—115,684.99 —200,721.28 —201,075.38
Pr-to-Mf 0.00 47.41 0.13 3,366.13 0.01 260.76
Pr-to-Wa 0.03 —544.64 0.06 —964.78 0.01 —217.85
Pr-to-Bl 4.64 —78,813.08 3.38 -57,507.76 2.80 —47,642.68
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Table A2: Carbon sequestration (Mg C) associated with LULC transitions in Phang Nga Bay
from 2000 to 2020 (Continue form previous page)

LULC _ 20002010 _ 20102020 _ 20002020

change kr;‘i Mg C krrff; Mg C kr;‘; Mg C
Ef-to-Ur 0.16 ~6,718.95 005  —2,07328 013 564392
Ef-to-Op 1751 —485,518.66 1359  —376,807.80 3172 -879,874.61
Ef-to-Pr 1759 43450383 oo SAT 1320331 oo 1541 38051500
Ef-to-Mf 239 393039 1.44 2,368.88 O 329 539726 T o0n
Ef-to-Wa 357 —149,978.18 019  -8,08651 104  —4383338
Ef-to-BI 116  —48,514.65 022 —9,04257 091  —37,933.73
Mi-to-Ur 0.06 ~2,.830.96 003 -143542 005 235249
Mf-to-Op 089  —26,018.04 519 —152,459.55 365 —107,086.46
Mi-to-Pr 0.16 424321 oo 005 135119 oo 010 253645 o
Mi-to-Ef 1.14 ~1,873.52 ik 079  -1301.26 o5 113 -1,861.69 i
Mf-to-Wa 532 —232,10191 012 -5,143386 063  —27,289.94
Mi-to-BI 037  —15833.88 020  —8,540.94 033 —14,117.89
Wa-to-Ur 0.01 ~5.46 0.20 “134.67 0.02 ~10.92
Wa-to-Op 0.02 243.67 095 1354321 0.10 1,449.22
Wa-to-Pr 0.03 9132 oo 025 431040 oo 0.05 778.05 0576549
Wa-to-Ef 0.73 30,796.73 oteet 277 116,460.87 et 133 56,000.92 10
Wa-to-Mf 0.03 1,413.58 9.00  392,779.19 084  36831.60
Wa-to-BI 0.18 53.28 6.18 1,830.44 242 716.62
Bl-to-Ur 426 —413191 226 —2,19123 454 —4405.16
Bl-to-Op 9.09 126,892.08 702 97,957.17 1878 262,097.95
Bl-to-Pr 1204 20461117 563 9569841 900 1465900
Bl-to-Ef 1.14 47,501.58 S 030 12,644.59 oA 120 49977.97 e
Bl-to-Mf 258 111,890.14 034 1493690 542 235012.18
Bl-to-Wa 25.85 ~7,650.48 0.86 —254.15 1892 -560026
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