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Abstract: Sal Forest is the third largest forest habitat and is a tropical moist deciduous forest in Bangladesh. Illegal human activities are
putting a lot of stress on the forest, making it an endangered ecological resource. This study examined the selected areas of the Sal
Forest in Bangladesh, specifically the Madhupur Garh and Bhawal Garh tracts, to assess the effects of changes in forest cover on carbon
storage capacity from 1995 to 2025 and to predict future alterations. The research employed spatiotemporal analysis utilizing GIS and
Remote Sensing tools, alongside with the InVEST Carbon Model and the Cellular Automata—Artificial Neural Network (CA-ANN)
method, to model the dynamics of forest cover and their influence on carbon sequestration. The results show that the Sal Forest cover
will drop from 74.26% in 1995 to 49.85% by 2035. This will greatly reduce the forest's ability to store carbon. Sal Forest will lose about
908 square kilometers (24.41%) of its area from 1995 to 2035, over 40 years. Most of this area will be converted into other features,
especially built-up areas in the near future. These findings offer significant insights to inform effective management and conservation
strategies for the preservation of the Sal Forest ecosystem.
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Introduction: Increasing atmospheric carbon dioxide (CO,) levels are a major factor contributing to the acceleration of climate
change on a global scale. Forests function as one of the planet’s most vital carbon sinks, absorbing over 16 billion metric tons of
CO, each year and sequestering an estimated 861 gigatonnes of carbon within their biomass and soils [1]. Thus, conservation of
forest is critical for mitigating climate change. However, potential of forests to store carbon is dependent on their ecological
health, stability, and resilience against land-use pressures. Recognized for rich biodiversity and ecological productivity, Sal
Forest ecosystem is one of the most valuable natural landscapes [2]. The regions are situated mainly in the central part of
Bangladesh, within the districts of Tangail, Mymensingh, Gazipur and the Sal forests tract is dominated by Sal (Shorea robusta)
trees [3], [4]. The Sal Forest tract commonly referred to as ‘Madhupur Garh’ primarily encompass the district of Tangail and
Mymensing, which are interspersed with residential and agricultural area [5], [6], [7]. ‘Bhawal Garh’ is located in the Dhaka
Forest Division's Gazipur District. There are currently a few sparsely populated patches of Sal forests in the northwest
Bangladesh and Comilla district [8]. Sal forests, classified as tropical moist deciduous ecosystem, are presently considered
severely endangered due to increasing anthropogenic activity and land-use alterations [9]. According to Khurana [10], Sal forests
have a greater carbon retention capacity compared to most other natural forest types in South Asia. Thus, understanding their
carbon stock dynamics is critical for conservation planning.

The process of absorbing and holding onto long-term carbon in plants and soils in order to reduce or prevent climate change is
known as carbon sequestration [11]. Forest carbon pools are composed of living biomass, dead organic matter, and mineral soils,
and fluctuate based on deforestation, afforestation, and land management practices [12], [13]. To achieve the full mitigation
potential, these carbon reserves must be accurately estimated using statistically verified, spatially explicit methods [14].

Bangladesh's total primary forest area decreased from 1.494 million hectares to 1.429 million hectares between 1990 and 2015,
representing an average yearly deforestation rate of 0.2%. Approximately 2,600 hectares of natural forest were lost annually
during this time [15]. Specifically, the Sal woods have lost 36% of their natural cover since 1985 [16]. Overharvesting, excessive
litter collecting, and monoculture cultivation of pineapple and banana growing, particularly among nearby Garo people, are
among the major of pressures [8], [17], [18]. Both biodiversity and the traditional ways of life of indigenous people have been
negatively impacted by this degradation [19]. It is crucial to distinguish between the shift in land use, which refers to how people
manage or alter land for social or economic reasons and land-cover change, which is the biophysical alteration of the land, such
as vegetation or soil characteristics, in order to analyze these dynamics [20]. Using satellite images and remote sensing to
determine these changes can give important non-destructive information about forest loss, regeneration patterns, and changes in
carbon stock and sequestration capacity related to these changes [21], [22], [23] .

For effective sustainable forest preservation and management initiatives, a data-driven, spatiotemporal assessment of the
alterations in Sal Forest cover is essential [24], [25]. Some studies have used different models to estimate carbon sequestration.
These models include the Artificial Intelligence (AI) for Ecosystem Services (ARIES) model [26], [27], the Social Values for
Ecosystem Services (SoLVES) model [28], and the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST)
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model [29], [30], [31], [32], [33]. The SoLVES model has multiple applications for determining the social value of ecosystem
services [28], [34]. However, employing the SOLVES requires a longer time for a single evaluation as well as a thorough and
complete questionnaire. Additionally, the respondents' subjective variables, their lack of understanding of the types of social
values, and the non-standardization of social value points would all have an impact on the model analysis outcomes [35]. ARIES
uses the geographical data while taking into account the social, ecological, and economic characteristics of the studied area [36].
Furthermore, in order to construct the ARIES model, a number of particular case study areas were taken into consideration. The
model's applicability is restricted because these case study regions are mostly found in North America and Europe [37].

In contrast to these two models, the INVEST model's application studies are more extensive and widespread globally [38], [39].
INVEST is a collection of software models for mapping and economic valuation of sequestration and storage of carbon under
various land use or policy scenarios. One advantage of this model over previous spatiotemporal models is that it relies on
straightforward, generalized production functions and only needs GIS rather than modeling expertise [40]. Various users employ
these models, especially policy-impact analysts, ecological researchers, and land-use managers [31], [32], [41]. Many researchers
have used the InVEST carbon model to figure out how much carbon forest ecosystems can store. This let them figure out the
carbon stocks change due to land use and land cover change [42], [43], [44]. This method, when coupled with Remote Sensing
and machine learning methods like the Cellular Automata Artificial Neural Networks (CA-ANN) model, enables better
predictions about how forests will change in the future and how this will affect carbon stocks. This research integrates Remote
Sensing, the INVEST carbon model, and CA-ANN methods to examine land cover alterations from 1995 to 2025, evaluating and
forecasting their effects on carbon storage capacity up to 2035 in the specified areas of the Sal Forest tract in Bangladesh.

Materials & Method:

Study Area: The Sal Forest is the country's third-largest forest ecosystem, containing pure Sal trees [18], [45]. Covering around
1,200 sq km, the Sal Forest represents approximately 0.81% of Bangladesh’s total land area and constitutes 7.5% of the forest
land managed by the Forest Department [46]. The study area encompasses both the ‘Madhupur Garh’ and ‘Bhawal Garh’ regions.
Madhupur Garh is located at 23°50" to 24°50' north latitude and 89°54’ to 90°50' east longitude whereas, the Bhawal Garh is
located at approximately 23°58’ to 24°03’ north longitude and 90°17’ to 90°22’ east [2]. The "Madhupur Garh" stands 1-2 meters
above the adjacent lowlands [47]. In different locations throughout the Sal Forest tract, the soil is loamy, clay, and sandy loam
[48]. The government established national park, known as "Madhupur National Park," with the goal of conserving biodiversity in
‘Madhupur Garh’ [49]. Figure 1 illustrates the geographic extent and boundary of the study area.
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Fig.1. Geographic extent and boundary of the study area.

Data Collection: The data obtained from several organizations and secondary sources was systematically sorted and analyzed in
accordance with the specific requirements of the GIS, Remote Sensing and InVEST model approach. Landsat satellite
“collection-2 level-2” images were used to explore the forest cover changes of Sal Forest area covering from 1995 to 2025. Table
1 outlines the types of data collected for the study along with their sources.
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Table 1. Data collection and sources.

Data Type Year Resolution Source
Landsat 5 October, 1995 30m US Geological Survey
October, 2005
Landsat 8 October, 2015 30m US Geological Survey
Sentinel 2 April, 2025 10m Copernicus Open Access Hub
DEM data April, 2011 30m Copernicus Open Access Hub
Road Data N/A N/A Local Government and Engineering Department
(LGED)
Railway Data N/A N/A LGED
Industry Location Data N/A N/A Department of Environment (DoE)

Population 2022 N/A Population and Housing Census, 2022
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Fig.2. Methodological framework of the study.

Image Classification: Supervised classification was performed using the Maximum Likelihood Classification (MLC) algorithm,
which assumes that the statistical distribution of each class in each band is normally distributed and assigns pixels to the class
with the highest probability [50]. For this study, five major land use/land cover (LULC) classes were identified: Agriculture,
Forest, Waterbody, Settlement, and Barren Land. The land cover classes were categorized using a multispectral image
interpretation method called False Color Composite (FCC) imaging. A variety of color combinations can be used to create FCC
images. The color scheme selection is determined by the kind of features that must be highlighted in the satellite image. This
study used near-infrared (NIR) composite imagery which combines near-infrared, red, and green band of satellite image. When
examining vegetations, this band composition is helpful since chlorophyll reflects near-infrared light. Areas in pink to bright red
indicate agricultural land, whereas areas in brown to red indicate forest areas and generally have improved vegetation health.
Water is dark blue, while bluish green represents built-up areas and barren land appears in white [51], [52].

Accuracy Assessment: The random control points were selected over the classified images for each study year (100 control
points for each study year) to assess the accuracy. The points were defined based on the land cover in a 30 m buffer, and in the
case of a point falling too close between two different land cover classes, it was slightly modified to represent a complete
Landsat pixel. Google Earth Pro historical images and ground truth data were used to verify these control points. Classification
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accuracy for the classified images was assessed by calculating error metrics (producer, user and overall accuracy) and kappa
coefficients (K). According to Congalton, [53] the result of performing a KAPPA analysis is a KHAT statistic and is computed as
K with the following equations,

_ [aaElexg—E[-':l[x:- Xj)]
[ -ZE 1 (% %]

Where, n is the total of sample, x; is the total corrected sample, x; is the producer total and x; is the user total. The value of K
equal to one means perfect agreement, whereas a value close to zero means that the agreement is no better than would be
expected by chance. Therefore, higher value of K indicates the higher the accuracy of land use expectation. Table 2 shows
Producer Accuracy (PA), User Accuracy (UA), Overall Accuracy, and Kappa Coefficient for key land use/land cover classes
across four years.

K eq.1

Table 2. Accuracy assessment.

Forest Area Agriculture Waterbody Built-up Area Barren
Land
Year PA UA PA UA PA UA PA UA PA UA Overall Kappa
Accuracy Coefficient (K)
1995 0.73 0.8 1 1 0.78 0.7 0.78 0.84 1 1 0.88 0.86
2005 0.79 0.79 0.70 1 0.6 0.6 1 0.82 1 1 0.86 0.82
2015 0.86 0.86 0.72 0.93 0.78 0.7 0.97 0.88 1 1 0.90 0.87
2025 0.88 0.82 0.56 0.9 0.8 0.8 0.97 0.81 0.93 1 0.87 0.84

Cellular Automata-Artificial neural network: Following the set of model parameters during the training phase, CA-ANN
models, which combine Cellular Automata (CA) and Artificial Neural Networks (ANNS) to simulate land use change, typically in
urban and non-urban settings, predict the ultimate land use type of a cell by the highest similarity or likelihood [54]. This
approach is implemented in QGIS using the MOLUSCE plugin [55], [56], [57]. This study examined seven predictors elevation,
aspect, slope, roads, railroads, industry, and population to investigate how they affected LULC in the Sal Forest Area. While
railways, roads, and industry are anthropogenic predictors, elevation, aspect, slope and population are natural. LULC changes are
significantly influenced by both natural and man-made influences. Population data was processed and transformed into raster
format for spatial analysis according to the number of inhabitants in each upazila. To create continuous raster data, Euclidean
distances were measured for railways, roads, and industry. ArcGIS 10.8's natural breakpoints were then used to reclassify each of
the generated raster layers into five hierarchical groupings. Area changes were utilized to evaluate changes in different LULC
classes, and a number of LULC maps was created. Using the MOLUSCE plugin, land use change maps were generated for the
year 2035.

INVEST Model for Carbon Stock Estimation: INVEST, or the Integrated Valuation of Ecosystem Services and Trade-offs, is a
tool used to examine the shifts in ecosystems that are likely to affect the advantages that people receive [58]. The four
fundamental carbon pools of different land use/cover types, soil and dead organic matter, belowground biomass, and
aboveground biomass are incorporated into the carbon density data needed for the INVEST model [59]. By combining the values
of carbon pools (aboveground biomass, belowground biomass, dead organic matter, and soil organic carbon) from different
ecosystem units, the InVEST-carbon model, which is based on the natural carbon cycle, finally calculates the amount of static
carbon that has been stored [40]. The LULC map has been utilized as the main input for estimating the carbon density of each
grid cell. The Bangladesh Forest Inventory database provided the carbon pool information for the Sal Forest area. The
fundamental idea of the carbon cycle, the overall quantity of carbon storage (static), and the amount of carbon sequestration
based on the aforementioned carbon pool and storage data are all taken into account by the InVEST carbon model [60]. The
carbon storage of each grid cell has been estimated using the carbon density of each land use and land cover type (from the
carbon pool table) as the raw data [61]. Finally, the sum of the carbon pool values allocated to each LULC type has been used to
calculate the overall quantity of carbon storage [40][59].The static density of carbon (kg/m2) per individual land use land cover
type can be calculated using the equation below according to the INVEST model,

Ci = Citabove) * Ci(elow) + Ci(dead) + Cisoil) eq.2

Here, Cigbove)r Cifvelow)r Ci(dead) aNd Cisoiy indicate aboveground carbon density, belowground carbon density, dead organic material
and soil organic material carbon density respectively. However, the total carbon storage of the area can be determined by the
following formula,

Csa-m! = Z:I Ci ’Ai eqS
Here, €, .. Signifies the total carbon storage in the study area. A; indicates the area of individual classes.

For example, for the forest area within the study area with a spatial resolution of 30 x 30 m per pixel,
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C; =(31.36 + 5.09 + 0.44 + 84.05) ton/ha (Table 6)
=120.94 ton/ha
S0, Ciotar = (120.94*0.09) ton/ha
=10.34 ton/ha for each pixel
Result and Discussion:

Land Use and Land Cover Change (LULC) (1995-2025): The Sal forests of Bangladesh, especially in Madhupur Garh and
Bhawal Garh, represent ecologically significant landscapes that have undergone notable alterations over the past few decades.
The study area's land use and land cover trends from 1995 to 2025 can be observed in Figure 3and 4, demonstrating a steady
pattern of forest degradation triggered by increased human intervention.

A distinct pattern of forest loss coupled with agricultural and urban growth can be seen in the land use and land cover (LULC)
changes in the Sal Forest areas between 1995 and 2025 as illustrated in Table 3 and Table 4. The once-dominant land cover,
forests, saw a sharp decline, particularly in the first ten years. Plantation and reforestation initiatives, such as the introduction of
rubber cultivation by the Bangladesh Forest Industries Development Corporation (BFIDC) in formerly deforested areas, may
have contributed to a brief increase in 2015 [62]. Nevertheless, this improvement was not maintained in the subsequent years.

Due to population-driven forest conversion, agricultural land increased significantly in the early period before gradually
declining. Consistent urban growth was indicated by the built-up areas' ongoing rise across all years. Waterbodies fluctuated, and
the amount of barren land rose sharply in the last decade after initially declining, indicating abandonment or land degradation.
These trends indicate growing ecological stress and highlight why the Sal Forest landscape needs to be protected through
conservation and sustainable land-use planning.
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Fig. 3. Land use and land cover (LULC) of the study area (1995-2025).
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Fig.4. Forest cover changes of the study area (1995-2025).
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Table 3. The scenario of land-use of the Sal forests area in Bangladesh (1995-2025).

Class Name 1995 2005 2015 2025
Area Area (%) Area Area (%) Area Area (%) Area Area (%)
(sg.km.) (sg.km.) (sg.km.) (sg.km.)
Agriculture 648.10 17.43% 1225.48 32.96% 1154.86 31.06% 1103.25 29.68%
Forest Area 2761.05 74.26% 2061.17 55.44% 2213.77 59.55% 1872.60 50.37%
Waterbody 2343 0.63% 176.50 4.75% 126.85 3.41% 11541 3.10%
Builtup Area 42.92 1.15% 58.73 1.58% 84.90 2.28% 153.95 4.14%
Barren Land 242.10 6.51% 195.74 5.27% 137.23 3.69% 472.41 12.71%
Table 4. Changes of Land use for 30 years (1995-2025) with 10 years interval.
Changes 1995-2005 2005-2015 2015-2025 1995-2025

Agriculture +15.53% -1.90% -1.39% +12.24%
Forest Area -18.82% +4.10% -9.18% -23.90%
Waterbody +4.12% -1.34% -0.31% +2.47%
Builtup Area +0.43% +0.70% +1.86% +2.99%
Barren Land -1.25% -1.57% +9.02% +6.19%

LULC Prediction (2035): Following the identification of LULC class changes, the study aimed at forecasting the LULC for
2035 using historical LULC maps. Future LULC prediction was done using the elevation, slope, aspect model, distance from
main roads, distance from railway, distance from industry and population of the study area as spatial variables. These factors
have been selected based on their capacity to drive changes in land use patterns and their impact on land cover dynamics.
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Fig.5. Spatial variables influencing land use and land cover of the study area.

Initially, the CA-ANN method was used to predict the LULC for 2015 based on data from 1995 and 2005. The model was then
validated by comparing the 2015 classified image with the predicted image. After the model was validated, the LULC for 2035
was projected from 2015 to 2025. This technique could be used to accurately forecast future land cover scenarios, providing
crucial data for land management and regional planning. The main spatial variables used in the analysis are shown in Figure 5.

The projected land use and land cover (LULC) scenario for the Sal Forest areas of 2035 (Figure 6) indicates continued
transformation, with forest cover expected to decline further while agricultural, built-up, and barren lands expand. Both direct
forest eradication and the slow erosion of protected areas are reflected in these patterns [63][64]. The continued existence of these
pressures suggests that forest fragmentation is accelerating, which could upset the natural equilibrium and have a negative impact
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on the local ethnic communities. Furthermore, the region's biodiversity may be seriously hampered by the ongoing loss of natural
forest habitat, endangering native plants and animals that depend on this special ecosystem.
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Fig. 6. Predicted LULC and forest cover of the study area (2035).

The forest area, which accounted for 74.26% of the landscape in 1995, is expected to drastically decline to 49.85% by 2035,
indicating a significant decline in forest cover (Table 5). The projected increase in agricultural land from 17.43% to 28.17%
reflects a steady conversion of forest areas into agricultural land. Rapid urbanization is highlighted by the significant growth that
is expected to occur in built-up areas, which are expected to nearly fivefold from 1.15% to 5.60%. All things considered, the
projected scenario points to a significant shift away from natural forest landscapes and toward land uses that are more dominated
by humans.

Class Name 2035
Area Area
(sa.km.) (%)
Agriculture 1047.22 28.17%
Forest Area 1853.23 49.85%
Waterbody 96.31 2.59%
Builtup Area 208.24 5.60%
Barren Land 512.62 13.79%

Table 5. Predicted land use scenario of the Sal Forest area in Bangladesh (2035).

Carbon Sequestration of Study Area: Depending on the unique characteristics and environment, forests can play a variety of
roles in the carbon cycle, from net emitters to net sinks of carbon. The forest stores carbon dioxide (CO, ) in biomass after
absorbing it from the atmosphere during photosynthesis, which process is known as carbon sequestration [65]. By reducing the
amount of greenhouse gases in the atmosphere, this function helps to slow down climate change. However, different land uses
have different potentials for sequestering carbon.

Table 6. Carbon pool data [66].

LUCODE LULC Name C_above C_below C _sail C_dead
1 Agriculture 12.63 1.82 78.025 0.11
2 Forest Area 31.36 5.09 84.05 0.44
3 Waterbody 0 0 24.07 0
4 Builtup Area 25.95 17.35 55.15 0.64
5 Barren Land 0 0 0 0

C_above = Above Ground Biomass; C_below = Below Ground Biomass; C_soil = Soil Organic Carbon; C_dead = Dead Wood

Carbon
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Fig.7. Carbon density map of the study area (1995-2025).

Together with the varied understory vegetation, the dense Sal trees play a significant role in storing carbon. In 1995, widespread
forest cover and robust vegetation indicated the region's high to very high carbon sequestration potential in Figure 7. However,
between 2005 and 2015, there was a noticeable decrease in high carbon density zones and an increase in low to moderate
sequestration areas, indicating a degradation in land cover transformation. The 2025 map shows a further increase in the presence
of lower carbon sequestration zones, particularly in the ‘Bhawal Garh’ area. The decline in carbon sequestration is marked by an
initial sharp drop of 7,236.76 tons in 2005, followed by a modest recovery in the amount of carbon sequestered in 2015 (Table 7).
The total carbon sequestration declines of 32.17% by 2025 points to a substantial and sustained decline in the forest's ability to
store carbon. This decline is closely linked to the ongoing reduction in forest cover that has been noted throughout the study
period. As deforestation and land conversion for agriculture, settlements, and other purposes increased, the amount of dense
vegetation that could absorb and store carbon decreased. Therefore, the region's capacity to store carbon was directly impacted by
the loss of mature forest stands and the deterioration of vegetative biomass.
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Fig.8. Predicted carbon density map of the study area (2035).

Sal forests are expected to sequester 19,162.40 tons of carbon in 2035, which is a further decrease from the historical values
recorded between 1995 and 2025 (Figure 8). It is clear that unless additional preventative measures are implemented, the
downward trend in carbon storage is anticipated to continue.

Table 7. Carbon Sequestration by Sal Forest Cover (Forest area only) in Bangladesh (1995-2035).

Year Amount (tons)
1995 28549.26
2005 213125
2015 22890.38
2025 19362.68
2035 19,162.40
Total Change 9386.86 (-32.8%)
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Once lush and thriving, the Madhupur Sal forest is now under growing threat of encroachment. The changing patterns of land
usage demonstrate the interaction between ecological condition and socioeconomic factors. These patterns may cause by a
number of factors, such as shifting land use pattern, expansion of agricultural activity, which may further worsen by failure to
enforce of laws [63]. According to Local Forest Department the illegal concession of more than 8307 acres of Madhupur Sal
Forest land has been facilitated by the unapproved occupation of forest land by non-ethnic settlers and organizations, such as
political offices, educational and religious institutions, non-governmental organizations [64]. A significant dependence on forest
resources, an inadequate amount of available land, and high unemployment have all contributed to the forest's declining condition
[67], [68]. Community participation is crucial and should be prioritized because effective conservation requires inclusive
planning, teamwork, and active stakeholder engagement [69], [70]. Reforestation efforts can play a vital part in restoring these
areas' ability to store carbon in addition to reducing the effects of climate change [71]. Predictive modeling of the study area's
future land cover scenarios serves to emphasize the need for proactive planning further. Without targeted conservation and
sustainable management strategies, the rate of degradation of forests and landscape change is predicted to accelerate, potentially
leading to irreversible ecological consequences. Sustainable forest management involves finding a balance between ecological
integrity and economic sustainability in order to cause the least amount of ecological disturbance possible. Establishing
governance frameworks and forest policies is also essential to the success of management initiatives for the Sal Forest. The
preservation of the Sal forests must be a top national priority due to the growing population pressure and demands on it.

Conclusion: This study proficiently demonstrated the dynamics of carbon sequestration of Sal Forest cover within the
Madhupur and Bhawal tracts of Bangladesh using the INVEST Carbon Model. The findings reveal a notable reduction in capacity
of carbon storage over the past three decades, with further reductions expected in the upcoming years. This decline also
emphasizes the prolonged anthropogenic pressures on Sal forests, including deforestation, land use alterations, and forest decline.
The study aids in the understanding of carbon dynamics in tropical forest ecosystems by exhibiting the utility of spatially explicit
models like INVEST in quantifying and mapping carbon storage. Moreover, these estimations can guide decision-making
processes associated with carbon storage capacity. The government should protect Sal forests by imposing conservation
regulations, engaging local inhabitants, planting more trees, and utilizing carbon data during land-use planning to accelerate
carbon storage. However, the study is confined by the use of secondary datasets, as well as the absence of field-based validation,
which generate uncertainty in the results. To improve model calibration, spatial accuracy, and predictive performance, future
research may utilise higher-resolution remote sensing and machine learning strategies, consider socio-economic and policy
factors, and involve ground-based biomass and soil carbon measurements.
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