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ABSTRACT

Bhawal National Park (BNP), located in central Bangladesh, is a key ecological region that has
experienced significant degradation over recent decades due to industrial expansion and increas-
ing human settlement. This study uses geospatial analysis of Landsat satellite imagery from 1990
to 2020 to investigate patterns of deforestation, forest degradation, and fragmentation within the
park. A post-classification comparison approach, incorporating a random forest algorithm, was
applied, followed by a forest fragmentation assessment using the Landscape Fragmentation Tool.
The results reveal substantial changes in land cover over the study period. Dense forest area de-
creased by 225.45 hectares (24.9%), and medium forest by 485.01 hectares (31.6%), while industrial
and urban areas expanded dramatically, surging from 18 ha (0.19%) in 1990 to 1,329 ha (13.97%)
in 2020, reflecting an extraordinary annual growth rate of 240.46%. Although the park gained
762.21 hectares of forest, it simultaneously lost 1,655.73 hectares of other forest types. Forest
fragmentation intensified, with the number of forest patches nearly doubling, leading to signifi-
cant changes in patch distribution, edge conditions, and perforated forests, further impacting the
park’s ecological stability. The study integrates a Socio-Ecological Systems (SES) framework to
inform restoration and conservation planning. The results might help inform policy action and
strategic management to protect the park’s ecological integrity, providing essential guidance for
sustainable forest conservation in Bangladesh.

1. Introduction

Protected areas serve as institutions that regulate the use
of natural resources within defined boundaries [1, 2] and
are delineated at various organizational, temporal, and spa-
tial scales [3]. They are widely recognized as essential pol-
icy instruments for biodiversity conservation [4], reducing
deforestation, maintaining ecological integrity, andmitigat-
ing the impacts of climate change [5, 6]. BNP stands out
as a crucial protected area among the 51 protected areas
in Bangladesh, owing to its ecological, economic, and so-
cial significance. Located near the capital city of Dhaka,
the park is characterized by tropical moist deciduous for-
est, predominantly composed of inland Sal trees (Shorea ro-

busta) [7]. It hosts a variety of endemic plant and animal
species [8], playing a vital role in sustaining local biodiver-
sity and ecological balance. BNP’s unique significance is
further underscored by its proximity to urban areas, serving
as a nature-based recreational zone for city residents and re-
gional visitors [9]. Additionally, it acts as an urban forest,
influencing the local microclimatic environment [10]. Rec-
ognizing its ecological importance, the area was designated
a national park to safeguard its distinctive floral and faunal
resources [11, 12] and is listed under the IUCNmanagement
category to preserve its ecological features [12].

Over the past few decades, BNP has experienced signifi-
cant disturbances from various anthropogenic activities [8].
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The expansion of industrial urbanization and residential de-
velopment has led to considerable deforestation and for-
est degradation [12, 13, 14]. A substantial portion of the
park’s land has been converted into industrial zones, resi-
dential areas, and agricultural fields [15]. To date, around
355 industries have been established within the BNP area,
with a significant amount of forest land illegally appropri-
ated for these developments [11]. This has resulted in the
rapid decline of biodiversity and forest resources [9, 16].
For instance, the capped langur (Trachypithecus pileatus),
once abundant in this area, is now listed as an endangered
species by the IUCN due to habitat loss and degradation [8].
Among all protected areas in Bangladesh, BNP currently
faces the most severe threats [17].

Protected areas play a crucial role in ecosystem con-
servation, yet they also function as complex SES where
human activities exert significant influence on ecological
stability and management [18]. SES are dynamic and in-
terdependent, with social and ecological components in-
teracting across multiple scales to impact sustainability
outcomes [18, 19]. Recent ecological research has under-
scored the importance of evidence-based conservation and
management strategies that account for both ecological
and social factors to enhance the success of protected ar-
eas [1, 20, 21]. The SES framework is particularly valuable
in this context, as it facilitates the evaluation of trade-offs
between ecological and social objectives—such as biodiver-
sity conservation versus livelihood needs—and helps in set-
ting realistic management goals [22, 18]. Furthermore, the
SES framework enhances the identification of conservation
strategies that benefit both ecosystems and local commu-
nities, while improving the reliability of evidence used to
assess conservation outcomes [23].

Common methodologies for assessing the effective-
ness of protected area conservation include monitoring
biodiversity—through metrics such as species richness and
the presence of indicator species—as well as evaluating
land conversion rates, often through remote sensing anal-
ysis [24, 25]. As such, periodic assessments of land use
and land cover (LULC) changes are essential to discern
the patterns and processes driving deforestation, degra-
dation, and forest fragmentation. Forest fragmentation
refers to the division of large, continuous forest areas
into smaller, isolated patches, typically resulting from
human activities such as road construction, agriculture,
or urban development. Historical remote sensing data,
coupled with geographic information systems, have been
widely applied to analyze ecosystem dynamics and eluci-
date the social and biophysical factors influencing these
changes [26, 27]. These technologies provide accurate, com-
prehensive, and cost-effective quantitative insights formap-
ping and monitoring the spatial and temporal dynamics of
LULC changes [28]. In particular, freely accessible optical
Landsat imagery, offering moderate-to-high spatial resolu-
tion, enables robust mapping and characterization of LULC
changes over large spatial extents [29, 30]. However, there
remains a paucity of studies that apply geospatial tech-
niques to accurately quantify deforestation, forest degra-
dation, and fragmentation in BNP. Most current research
relies on qualitative assessments to describe the impacts of

industrial urbanization on BNP [7, 9, 12], without providing
precise spatial or quantitative data. This lack of quantita-
tive and spatial analysis hinders the ability to assess the ex-
tent and patterns of forest loss, degradation, and landscape
fragmentation over time. Moreover, no studies have inte-
grated geospatial data with SES frameworks, which are es-
sential for understanding the complex interactions between
human activities and forest ecosystems. The limited use
of such evidence-based frameworks restricts the develop-
ment of effective, science-driven management strategies to
ensure the long-term sustainability and resilience of BNP’s
forest resources.

The present study aims to address critical gaps in under-
standing LULC dynamics in BNP by employing geospatial
methodologies to quantify changes over the last 30 years
(1990–2020) using Landsat time-series imagery. Ten-year
intervals (1990–2000–2010–2020) were chosen to capture
significant trends in land-use and land-cover change in
BNP. The objectives of the research are threefold: (1) to
quantitatively assess deforestation and forest degradation,
(2) to evaluate forest fragmentation patterns, and (3) to de-
velop a comprehensive, data-driven SES framework that
integrates key indicators such as forest degradation, frag-
mentation, industrialization, and other LULC changes, to
inform sustainable management and conservation efforts.

2. Study site

Geographically, BNP is located approximately 40 kilome-
ters north of Dhaka, the capital city of Bangladesh, and 13
kilometers northwest of the Gazipur district, at coordinates
24°01′N latitude and 90°20′E longitude [7]. The forest is also
known as Bhawal Sal Forest or colloquially as Rajendrapur
Gajari Forest. The landscape is characterized by a complex
network of depressions arranged in a honeycomb pattern.
These depressions, which are privately owned, are typically
used for paddy cultivation [31]. The forested area is inter-
spersed with homesteads and cultivable land, collectively
covering approximately 9,520 hectares.

This expanse of forest was designated as a national park
in 1982, encompassing 5,022 hectares, and was classified as
a Protected Landscape/Seascape under Category V of the
IUCN classification [11]. The park is managed under two
forest ranges: the Bhawal forest range and the national
park range [12]. The Bhawal forest range includes the areas
of Bhabanipur, B.K. Bari, Rajendrapur West, and Baroipara,
while the national park range covers Park Beat, Baupara,
and Bankharia (Fig. 1). For management purposes, the for-
est is divided into two zones: a core zone and a buffer zone.
The region is home to a diverse array of flora, with a total of
221 plant species, including 46 tree species, 24 climbers, 19
shrubs, 105 herbs, and 27 types of grass [32, 33]. In addition,
the forest provides habitat for approximately 220 vertebrate
species, comprising 12 amphibians, 25 reptiles, 148 birds,
and 35 mammals [31]. The BNP area strictly prohibits land
conversion for industrial purposes, forest product extrac-
tion, and the planting of exotic species. However, the park
is increasingly subjected to anthropogenic pressures due to
its proximity toDhaka, rapid population growth, and the ex-
pansion of large and heavy industries, such as ready-made
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Figure 1. Location of Bhawal National Park (BNP) at Gazipur district in Bangladesh

garments and tannery plants, in and around the protected
area [17].

3. Methodology

The overall methodological framework of the study has
been presented in Fig. 2. Initially, the satellite images ac-
quired were classified using a supervised classification ap-
proach, employing the random forest algorithm. Following

this, the LULC classes were analyzed using trajectory ma-
trices in ArcGIS Pro 3.2. Subsequently, the LULC classes
were reclassified into forest and non-forest areas to detect
forest fragmentation using the Landscape Fragmentation
Tool. Finally, deforestation and fragmentation were ana-
lyzed through spatial and statistical approaches. Detailed
descriptions of each methodological step are provided in
the subsequent sections.

Figure 2. Overall methodological framework of the study
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3.1. Image acquisition

Four cloud-free Landsat images from 1990, 2000, 2010,
and 2020 were obtained from the United States Geological
Survey web portal for analysis. To reduce seasonal and phe-
nological variations, all images were selected from Decem-
ber, corresponding to the cold-dry season [29]. The spa-
tial resolution and specifications of these images are listed

in Table 1. Atmospheric and radiometric corrections of
the collected images were performed using Fast Line-of-
sight Atmospheric Analysis of Hypercubes (FLAASH) in
ENVI 5.3 [29]. Subsequently, the images were subset to the
area of interest and registered to a common UTM Zone 46N
projection using WGS 84 parameters.

Table 1. Characteristics of the Landsat images used for the study
Study
year

Acquisition
date

Satellite/
sensors

Path/
Row

Spatial
resolution

Used
band False-color composite

R G B
1990 09-12-1990 Landsat 5/TM 137/43 30 m 1–8 5 4 3
2000 20-12-2000 Landsat 5/TM 137/43 30 m 1–8 5 4 3
2010 16-12-2010 Landsat 5/TM 137/43 30 m 1–8 5 4 2
2020 27-12-2020 Landsat 8/OLI 137/43 30 m 1–7 6 5 4

3.2. Image classification

The images were classified to generate LULC maps us-
ing a Random Forest (RF) algorithm in QGIS 3.32 with the
Dzetsaka plugin. RF is widely used in vegetation remote
sensing for its effectiveness in mapping degraded and frag-
mented landscapes [34, 35, 36]. Its strength lies in handling
nonlinear data and providing accurate predictions, making
it superior to methods like Support Vector Machine and
Neural Networks, and traditional techniques likeMaximum
Likelihood [36, 37]. RF is also advantageous for its insensi-
tivity to parameter settings and its ability to determine the
relative importance of input variables [38]. It operates by
generating multiple decision trees using random subsets of
attributes and training data, with each tree voting for the
final classification [26, 39].

Six LULC classes were defined: agricultural area, dense
forest, medium forest, industrial/urban area, waterbody,
and homestead vegetation. Interpretation keys for each
class were developed using the natural features of the study
site, normalized difference vegetation index (NDVI) values
(Table 2), visual interpretation of each LULC class using
Google Earth’s historical imagery, and field observations
(Fig. 3).

NDVI is a widely used metric for monitoring vegetation
health, with values ranging from 0 (no vegetation) to 1
(dense vegetation). For medium vegetation and dense veg-
etation, NDVI values typically range from 0.2 to 0.4 and 0.6
to 1, respectively [40, 41]. NDVI values for the BNP area
were classified into non-vegetated areas (with index values
from −1 to 0.19, covering water, agricultural areas, and in-
dustrial/urban areas) and vegetated areas (with values from
0.2 to 0.54) (Table 2). NDVI for the Landsat images was cal-
culated using the formula provided by [42].

For classification, four cloud-free Landsat 8 and Landsat 5
satellite images were selected to delineate the training sam-
ples for the RF models. Polygon-type shapefiles were cre-
ated with the “ID” and “class” columns in their attribute ta-
bles, corresponding to the LULC classes. Training and eval-
uation of the RF model for supervised classification were
performed using accurate ground truth data collected from

field surveys [43]. Field-collected location points were im-
ported into QGIS to create a reliable ground truth dataset.
High-resolution Google Earth imagery and various combi-
nations of Landsat bands were used to manually draw poly-
gons corresponding to the same land cover as the ground
truth points. 150 training samples were created for each
study year, amounting to a total of 600 training samples
across the four study years, with 25 training samples allo-
cated to each LULC class. Previous research by Abdullah
et al. (2019) [44] suggested that selecting an equal number
of training samples for each LULC class reduces the influ-
ence of majority versus minority classes on the RF algo-
rithm. The final image classification using the RF algorithm
produced LULC maps containing the designated classes for
each image.

3.3. Accuracy assessment

Accuracy assessment is a crucial step in the classification
process [45, 46]. In this study, 550 reference points were
selected using a stratified random sampling technique via
ArcGIS’s sampling design tool, ensuring proportional rep-
resentation of all six LULC classes. These same 550 points
were applied to each study year’s classified images to mea-
sure accuracy, resulting in a total of 3,300 reference points
checked over the four study years. High-resolution Google
Earth images and field surveys were used to validate these
points [47]. Points that were too close to the boundary of
two different land cover classes were slightly adjusted to
ensure they represented a full Landsat pixel [29].

The classification accuracy was evaluated by calculating
error metrics, including producer, user, and overall accu-
racy, as well as the Kappa coefficient [48, 49]. The Kappa
coefficient ranges from−1 to 1, with a value of 1 indicating
perfect agreement, and values close to 0 or negative indi-
cating that the agreement is worse than would be expected
by chance [50]. A higher Kappa value signifies a higher
accuracy of the LULC classification.

3.4. Deforestation and degradation analysis

The changes in LULC trajectories were obtained using
the post-classification comparisonmethod, themost widely
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Table 2. LULC classification scheme used to analyze degradation and forest fragmentation

LULC class Description NDVI value Reclass

Dense forest Natural Sal and plantation forest. Dense forest cover represents
areas where the number of trees is higher than 200 per ha.

>0.40 Forest

Medium forest Natural Sal and plantation forest. Medium forest cover repre-
sents areas where the number of trees is less than 200 per ha.

0.20–0.40 Forest

Agricultural area All cultivated and uncultivated agricultural areas such as paddy
fields, farmlands, crop fields including fallow lands, barren, ar-
eas most often represent bare soil.

<0.20 Non-forest

Homestead vegeta-
tion

Fruit trees, private forest (multipurpose trees), vegetables, fod-
der, fuelwood, and ornamental herbs/shrubs.

<0.20 Non-forest

Industrial/Urban area Commercial and socio-economic industries, multistoried resi-
dential buildings, tin-shed houses, highway roads, small shops
beside roads, transportation, and other sub roads.

<0.10 Non-forest

Waterbody Seasonal open water, ponds, lakes, reservoirs, and any type of
water surface.

<0 Non-forest

Figure 3. LULC image classification using Google Earth’s historical images and field observations (2020)

used technique for detecting changes in LULC classes
from classified images despite some limitations [51]. This
method provides detailed “from-to” information on LULC
changes [52, 53] and helps detect and assess land cover loss

and degradation through LULC trajectory matrices, reveal-
ing periodic transitions [54, 55]. Applied to all classified
images in the time-series, it generated cross-tabulation ma-
trices using ArcGIS overlay functions [55], allowing for the
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Table 3. Classes of landscape fragmentation tool for subsequent analysis

Classes Descriptions

Patch Forest A pixel represents a small forested area surrounded by non-forested land cover.
Edge Forest Pixel represents the boundary between core forest and large non-forested land cover features (us-

ing a specified edge width of 100 m).
Perforated Forest Pixel represents the boundary between the core forest and relatively small clearings (perforations)

within the forested land (interior edges along with small gaps in the forest).
Core Forest Forest pixels that are comparatively far from the forest–non forest boundary. It is forested areas

bounded by more forested regions.
Non-forest Non-forested areas include industry, settlement, agricultural area, bare land, and non-forested

wetlands. These areas, along with developed land, are considered fragmenting features.

calculation of transitions and degradations in LULC during
1990–2000, 2000–2010, 2010–2020, and 1990–2020.

3.5. Fragmentation analysis

The level of fragmentation within BNP was analyzed us-
ing fragmentation indices and maps generated by the Land-
scape Fragmentation Tool [56]. This tool has been reported
to outperform other similar tools, such as FRAGSTATS, as
it provides both a graphical representation of data through
raster maps and quantitative insights [57]. In contrast,
FRAGSTATS, also known as the patch analyst, primarily
offers quantitative information without the accompanying
visual representation [58].

For the fragmentation analysis, each classified imagewas
reclassified in ArcGIS into two categories: forest (includ-
ing dense and medium forest) and non-forest (including
industrial/urban areas, agricultural areas, homestead veg-
etation, and water bodies), which is a prerequisite for us-
ing the tool [56]. The data were inputted into the tool in
raster format; with non-forest areas assigned a value of 1
and forest areas a value of 2. Fragmentation maps were
then prepared, using a 100-meter edge as the default value
because it is a widely accepted threshold in landscape ecol-
ogy for distinguishing core from edge habitats. This dis-
tance effectively captures edge effects—such as microcli-
mate changes, increased exposure to invasive species, and
human disturbances—that typically occur within 100 me-
ters of the forest boundary. It also standardizes results for
comparison with similar studies and supports ecologically
meaningful conservation planning [17, 58]. The various
classes of fragmentation are detailed in Table 3.

To assess changes in the spatial and temporal patterns of
the study area, landscape indices were calculated using the
Patch Analyst 4.0 extension in ArcGIS. The indices included
Class Area, Number of Patches, Mean Patch Size, Area-
Weighted Mean Shape Index, and Edge Density [59, 60].
Class Area represents the total area occupied by all patches
of a specific land cover class, providing insight into the ex-
tent of each land cover type [61]. Number of Patches de-
notes the total number of patches within a class or across
the landscape, helping to understand landscape transforma-
tion processes. Mean Patch Size, the average size of patches
within a class, serves as an accurate predictor of patch diver-
sity [62]. Area-Weighted Mean Shape Index reflects patch
shape complexity and diversity, calculated as the sum of

each patch’s shape value weighted by its proportional abun-
dance. Edge Density measures the amount of edge relative
to the total landscape area, indicating spatial heterogeneity
and edge effects on biodiversity [61]. These indices collec-
tively provide a comprehensive view of landscape patterns,
fragmentation, and ecological impacts.

4. Results

4.1. Deforestation and degradation

The accuracy of image classification for producing LULC,
deforestation, and degradation maps were high, ranging
from 88% to 91%. The overall accuracies of the classified
images for the years 1990, 2000, 2010, and 2020 were 89%,
92%, 88%, and 91%, respectively, with corresponding kappa
values of 0.87, 0.90, 0.85, and 0.89 (Table 4). The correspond-
ing producer’s and user’s accuracies were also notably high
(Table 4).

The spatiotemporal analysis of LULC reveals substantial
changes over the past 30 years, with notable shifts occur-
ring particularly after 2000, driven by industrial and urban
expansion. Most industrial and urban development has con-
centrated in the western and southwestern regions of the
park (Fig. 4).

In 1990, the primary land covers were agriculture
(48.44%) and forest areas (47.76%), encompassing both
dense and medium forest types, with homestead vegetation
(3.35%), water bodies (0.26%), and industrial/urban areas
(0.19%) comprising the remainder (Table 5). However, the
dense forest area experienced an annual decrease of 1.37%
from 1990 to 2020, with the most pronounced decline of
2.21% occurring between 1990 and 2000. Although medium
forest cover exhibited variability over time (Fig. ??), the
overall trend shows a decline, with a minor increase ob-
served between 1990 and 2000. Conversely, homestead veg-
etation and industrial/urban areas saw dramatic increases,
with homestead vegetation rising from 3.35% (318.78 ha) in
1990 to 17.31% (1647.54 ha) in 2020, and industrial/urban ar-
eas expanding from 0.19% (18.18 ha) to 13.97% (1329.66 ha)
over the same period. Notably, industrial/urban areas ex-
perienced the highest annual increase rate of 240.46% com-
pared to other LULC classes from 1990 to 2020 (Table 5).

The LULC transitions at BNP between 1990 and 2020
were spatially and temporally very dynamic (Fig. 5 and Ta-
ble 6). Over this period, 370.5 hectares transitioned from
other land classes to dense forest, while 1109.79 hectares of
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Table 4. Distribution of accuracy metrics of classified Landsat images (1990–2020)

Year
LULC classes Overall

accuracy
(%)

Kappa
coefficient

Dense
forest

Medium
dense forest Waterbody

Homestead
vegetation

Industrial/
Urban area

Agricultural
area

PA UA PA UA PA UA PA UA PA UA PA UA
1990 81 91 90 88 100 90 84 79 91 89 93 96 89 0.87
2000 84 91 91 90 100 87 90 86 92 96 95 96 92 0.90
2010 74 78 88 82 100 87 81 81 85 94 94 95 88 0.85
2020 81 81 88 87 100 93 87 89 96 97 97 98 91 0.89
“PA” and “UA” indicate the producer’s and user’s accuracy (%), respectively.

Figure 4. LULC change map of BNP from 1990 to 2020

dense forest converted to other land uses. In the medium-
dense forest category, 1551.87 hectares were added from

other classes, and 1706.40 hectares were lost to other land
uses.
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Table 5. LULC change statistics of BNP (1990–2020)

Class name

Area (ha)
(% of total area)

Area changes (ha)
(Annual rate of changes %)

1990 2000 2010 2020 1990–2000 2000–2010 2010–2020 1990–2020

Dense forest
1789.83
(18.80)

1394.19
(14.64)

1133.82
(11.91)

1050.84
(11.04)

−395.64
(−2.21)

−260.37
(−1.87)

−82.98
(−0.73)

−738.99
(−1.37)

Medium forest
2756.97
(28.96)

3136.86
(32.95)

2813.76
(29.56)

2602.44
(27.34)

+379.89
(+1.38)

−323.10
(−1.03)

−211.32
(−0.75)

−154.53
(−0.19)

Waterbody
24.30
(0.26)

43.29
(0.45)

57.60
(0.61)

58.14
(0.61)

+18.99
(+7.81)

+14.31
(+3.30)

+0.54
(+0.09)

+33.84
(+4.64)

Homestead vegetation
318.78
(3.35)

421.29
(4.43)

1604.52
(16.85)

1647.54
(17.31)

+102.51
(+3.22)

+1183.23
(+28.09)

+43.02
(+0.27)

+1328.76
(+13.90)

Industrial/Urban area
18.18
(0.19)

44.82
(0.47)

559.71
(5.88)

1329.66
(13.97)

+26.64
(+14.65)

+514.89
(+114.88)

+769.95
(+13.75)

+1311.48
(+240.46)

Agriculture area
4611.96
(48.44)

4479.57
(47.00)

3350.61
(35.20)

2831.40
(29.74)

−132.39
(−0.29)

−1128.96
(−2.52)

−519.21
(−1.55)

−1780.56
(−1.29)

“+” and “−” indicate an increase and decrease, respectively.

In 1990, the stable dense forest area was 905.49 hectares,
which diminished to 680.04 hectares by 2020. Similarly, the
stable medium forest area decreased from 1535.58 hectares
in 1990 to 1050.57 hectares in 2020. The industrial/urban ar-
eas exhibited themost substantial increase, expanding from
18.18 hectares in 1990 to 1329.66 hectares in 2020. Notably,
the conversion of dense and medium-dense forests to in-
dustrial/urban areas was particularly pronounced between
2010 and 2020, reflecting a more significant shift during this
period compared to previous decades (Table 6).

The BNP has experienced persistent deforestation and
forest degradation over the past decades. Between 1990
and 2020, the park saw an increase of approximately 762.21
hectares in forested areas, while 1655.73 hectares were
deforested. By the end of this period, stable forest ar-
eas amounted to 2891.07 hectares, contrasted with 4211.01
hectares of stable non-forest areas (Fig. 6).

Throughout the study period, gradual forest degradation
was evident (Fig. 7). Specifically, in 2020, the stable dense
forest and medium-dense forest areas were 680.04 hectares
and 1050.57 hectares, respectively. During this time, 888.75
hectares of dense forest were converted to medium for-
est, whereas 271.71 hectares of medium forest were trans-
formed into dense forest.

4.2. Forest fragmentation

Forest fragmentation patterns for BNP were analyzed for
1990 and 2020 using the Landscape Fragmentation Tool.
The fragmentation maps, categorized into patch, edge, per-
forated, core, and non-forest areas, are presented in Fig. 8,
with detailed statistics in Tables 7 and 8.

The dense forest (core), the most significantly affected
class, increased from 10.19% (463.23 ha) in 1990 to 14.96%
(546.48 ha) in 2020. The overall forest area declined by
approximately 893.52 ha, which also altered the fragmen-
tation classes. The patch forest decreased slightly from
1036.98 ha to 853.65 ha between 1990 and 2020. Edge and
perforated forests were dominant during the study period.
The edge forest decreased from 32.67% (1485.54 ha) in 1990
to 31.65% (1156.14 ha) in 2020, while the perforated forest
reduced from 34.33% (1561.05 ha) to 30.03% (1097.01 ha) (Ta-

ble 7).
From 1990 to 2020, the number of forest patches nearly

doubled from 1313 to 2278, while the number of non-forest
patches decreased from 1672 to 1122 (Table 8). The findings
indicate a significant decline in the mean patch size for the
forest class (from 3.46 ha to 1.60 ha), whereas it increased
for the non-forest class (from 2.97 ha to 5.23 ha). Addition-
ally, edge density declined for both forest and non-forest
classes during the study period (Table 8).

Table 7. Forest fragmentation change from 1990–2020

Fragmentation
class

Area (ha)
1990

% of
area

Area (ha)
2020

% of
area

Patch 1036.98 22.81% 853.65 23.37%
Edge 1485.54 32.67% 1156.14 31.65%
Perforated 1561.05 34.33% 1097.01 30.03%
Core 463.23 10.19% 546.48 14.96%

Total 4546.80 3653.28

Table 8. Fragmentation patch indices from 1990–2020

1990 2020

Class name Forest
Non-
forest Forest

Non-
forest

Number of Patches 1313 1672 2278 1122
Mean Patch Size 3.46 2.97 1.60 5.23
Mean Shape Index 1.40 1.33 1.28 1.33
Edge Density 117.42 120.59 106.15 111.40
Area Weighted Mean
Shape Index 12.56 13.76 11.29 15.09
Class area (ha) 4546.80 4973.22 3653.28 5866.74

5. Discussion

5.1. Deforestation and degradation

The overall image classification accuracies and corre-
sponding kappa coefficients were high, indicating a strong
level of agreement with the validation data [63, 50]. The
high accuracy obtained can be attributed to the adequate
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Figure 5. LULC change trajectories of BNP from 1990 to 2020

number of training samples and field observations used dur-
ing the LULC classification process. A sufficient number
of training samples is crucial for accurate land cover clas-
sification, which enhances the overall classification accu-
racy [64]. Additionally, the use of the Random Forest clas-
sifier, which is more effective than traditional methods like
Maximum Likelihood [30, 34], contributed to the improved
accuracy. The disparity between producers’ and user’s ac-
curacies was less for agricultural and industrial/urban ar-

eas compared to other LULC classes. This is likely due to
the distinct spectral characteristics of agricultural and in-
dustrial/urban areas, which differentiate them more clearly
from other land cover types such as dense and medium for-
est.

BNP has experienced significant transformations over
the study period, notably marked by extensive conversion
of land to industrial and residential uses. From 1990 to
2020, the area dedicated to homestead vegetation and in-
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Table 6. LULC change trajectory matrices of BNP (1990–2020). Bold diagonal values indicate stable (unchanged) areas.

Period
Class
name

AA
(ha)

DF
(ha)

HV
(ha)

IU
(ha)

MF
(ha)

WB
(ha)

Total
(ha)

1990–2000

AA 3601.26 63.99 189.27 20.97 724.50 11.97 4611.96
DF 114.66 905.49 17.28 9.00 732.42 10.98 1789.83
HV 121.41 15.48 39.42 0.18 142.20 0.09 318.78
IU 12.87 0.54 0.18 3.42 0.81 0.36 18.18
MF 623.43 406.71 175.14 8.91 1535.58 7.20 2756.97
WB 5.94 1.98 0.00 2.34 1.35 12.69 24.30
Total 4479.57 1394.19 421.29 44.82 3136.86 43.29 9520.02

2000–2010

AA 2846.79 59.94 531.18 377.82 641.07 22.77 4479.57
DF 37.98 645.30 61.29 31.86 611.64 6.12 1394.19
HV 90.18 8.01 181.53 16.20 125.10 0.27 421.29
IU 14.49 2.79 0.99 13.68 8.55 4.32 44.82
MF 356.76 413.37 828.63 114.39 1422.45 1.26 3136.86
WB 4.41 4.41 0.90 5.76 4.95 22.86 43.29
Total 3350.61 1133.82 1604.52 559.71 2813.76 57.60 9520.02

2010–2020

AA 2088.18 31.68 419.76 534.78 257.49 18.72 3350.61
DF 23.67 533.43 34.83 17.73 521.46 2.70 1133.82
HV 334.17 37.71 638.55 248.58 344.88 0.63 1604.52
IU 105.30 10.53 23.40 364.41 50.76 5.31 559.71
MF 267.66 434.07 530.46 160.65 1414.08 6.84 2813.76
WB 12.42 3.42 0.54 3.51 13.77 23.94 57.60
Total 2831.40 1050.84 1647.54 1329.66 2602.44 58.14 9520.02

1990–2020

AA 2312.37 75.78 773.37 864.45 559.26 26.73 4611.96
DF 59.67 680.04 106.29 44.01 888.75 11.07 1789.83
HV 62.91 21.06 99.99 37.62 96.93 0.27 318.78
IU 9.36 0.45 2.25 1.98 2.34 1.80 18.18
MF 382.86 271.71 664.29 378.36 1050.57 9.18 2756.97
WB 4.23 1.80 1.35 3.24 4.59 9.09 24.30
Total 2831.40 1050.84 1647.54 1329.66 2602.44 58.14 9520.02

AA = Agriculture area, DF = Dense forest, MF = Medium forest, HV = Homestead vegetation,
IU = Industrial/Urban area, WB = Waterbody

Figure 6. Graphical representation of deforestation from 1990 to 2020

dustrial/urban land increased dramatically, from 3.35% and
0.19% to 17.31% and 13.97%, respectively. Approximately
12.6% of BNP is now occupied by permanent industrial
settlements [12], and 13.84% of the forest area faces en-

croachment by individual households [16]. Results indi-
cate that most industrial/urban areas are concentrated near
highways traversing the forest, with significant impacts ob-
served in the Bhabanipur, B.K. Bari and Baupara beats, par-
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Figure 7. Transition map of forest degradation from 1990 to 2020 (DF = Dense forest, MF = Medium forest)

Figure 8. Geospatial and graphical representation of forest fragmentation from 1990 to 2020

ticularly in the west and southwest. Notably, about 80% of
the industrial/urban-related deforestation occurred in these
three beats [12].

The current LULC maps show that the rapid expansion
of industrial/urban areas, especially after 2000, has led to a
substantial decline in forest cover and an increase in non-

forest areas (Fig. 9). Initially, dense and medium forests,
along with agricultural lands, were the predominant LULC
classes. However, the forest area has gradually diminished
due to the encroachment of industrial/urban developments.
Approximately 355 industries have emerged within BNP,
illegally appropriating significant forest areas [11]. This
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study highlights that industrialists and influential individ-
uals continue to seize land and build industries within the
forest. Despite attempts by the Bangladesh Forest Depart-
ment to reforest through leasing forest lands to farmers, the
approach has not been effective. The park is now encir-
cled by extensive agricultural activities, with a tendency for
agricultural workers to encroach further into forested areas
during each farming season. Consequently, forest areas ad-
jacent to human activities are at the highest risk of degra-
dation [13, 31]. The most ecologically concerning patterns
include the substantial loss of natural habitats, increased
fragmentation of contiguous green spaces, and the expan-
sion of built-up or agricultural areas into previously undis-
turbed ecosystems. These developments threaten biodiver-
sity, diminish ecosystem connectivity, and compromise the
resilience of natural systems to environmental stressors.
Among all protected areas in Bangladesh, BNP is currently
facing the most significant threats, including settlement en-
croachment, conversion of forest land to agriculture, and
industrial activities that cause pollution and ecological dis-
turbance [17].

Figure 9. Trend of dense forest, medium forest, and indus-
trial/urban area in the study site

5.2. Forest fragmentation

In the fragmentation analysis of BNP, the forest area
was categorized into four thematic types: patch, edge, core,
and perforated. These categories reflect the qualitative and
quantitative aspects of forest fragmentation. The results
indicate a continued decline in forest patches and an in-
crease in the perforated areas, signifying heightened frag-
mentation. Notably, the number of forest patches nearly
doubled by 2020 compared to 1990, and the average patch
size decreased, suggesting an intensification of fragmenta-
tion largely driven by edge effects [56]. The proliferation
of forest patches indicates increasing disconnection from
core forest areas, which is detrimental to habitat continu-
ity [65]. Smaller and more isolated habitat patches gen-
erally support fewer species, particularly those requiring
extensive territories or possessing limited dispersal capac-
ities. Increased edge density intensifies exposure to exter-
nal threats such as invasive species, pollution, and micro-
climatic changes. These factors collectively reduce species
richness, disrupt ecological processes, and reduce overall
ecosystem health.

Despite various conservation initiatives by the
Bangladesh Forest Department that have improved
core forest regions and reduced edge effects, the extent of

edge and perforated areas remains higher than other types.
This reflects ongoing non-forest land use practices within
the park. The decrease in forest cover and increase in open
forest and forest gaps are indicative of deteriorating forest
structure, posing a significant threat to biodiversity [27].
For example, BNP, which once harbored tigers, leopards,
and peacocks, has seen the complete disappearance of
these species [33]. Additionally, indigenous tree species
have largely vanished, replaced by exotic species like
Acacia spp. and Eucalyptus spp. [12].

Industrialization and agriculture have been the primary
drivers of fragmentation within BNP. The expansion of
infrastructure—including highways, roads, high-voltage
transmission lines, gas pipelines, and factories—has led to
extensive deforestation. This trend began in the 2006–07
period when the caretaker government issued environmen-
tal clearance certificates for industries on privately owned
land within BNP, legalizing existing industries and encour-
aging new developments. The lax enforcement of environ-
mental regulations and governmental favoritism have al-
lowed industrialists and influential individuals to further
encroach upon the forest. Without substantial conserva-
tion efforts, the situation is likely to deteriorate further.

5.3. The SES framework

The SES framework is instrumental in identifying and
analyzing the factors influencing outcomes such as for-
est cover, biodiversity, and ecosystem services, along with
their interrelationships [22]. It explores how focal ac-
tion situations (e.g., enrichment planting) interact with re-
source systems, governance systems, resource units, and
users to shape these outcomes (Fig. 10). Resource sys-
tems encompass biophysical factors that maintain land-
scape composition and structure, such as forest density and
agroforestry practices, while governance systems include
socio-economic factors governing landscape management
and regulation, including forest law and industrial policies.
These systems can directly or indirectly impact the focal
action situations. Resource units represent land uses and
landscape features, such as native flora and fauna, fuel, and
fodder, while users are individuals who benefit from the
landscape, both directly and indirectly (Fig. 10).

Integrating the SES framework into conservation plan-
ning provides a structured approach to incorporating com-
plex local and regional socio-economic factors. This inte-
gration involves organizing data to identify and classify fac-
tors critical for developing and implementing sustainable
conservation plans [66, 67].

This study applies a systematic decision-making process
guided by the SES framework to inform the restoration and
conservation planning for BNP. The process involves defin-
ing primary goals, such as restoring degraded forests to en-
hance biodiversity and ecosystem services, while consider-
ing socio-ecological aspects, including ecological suitabil-
ity, social and political acceptability, and economic feasi-
bility. It entails building community awareness and plan-
ning by engaging relevant stakeholders (e.g., foresters, local
communities, industrialists) and considering various sec-
tors (e.g., forestry, agriculture, industry). Specific objec-
tives are identified, such as addressing forest degradation
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Figure 10. Logical SES framework concepts in restoration and conservation planning of the BNP. The black boundary boxes represent
the SES framework, adapted from Ostrom (2009) [22], and they show feedback (dashed arrows) and direct links (solid arrows). Green
boundary boxes show phases in systematic decision-making, adapted from Budiharta et al. 2016 and Gregory et al. (2012) [66, 67]. Black,
blue, and light green dashed boundary boxes show the links between elements of the two frameworks.

and identifying suitable locations for industry and settle-
ment. Evidence-based data, including periodic LULC maps,
industrial expansion, and current policies, are collected for
analysis to achieve conservation goals and restore BNP.
The connections between the SES elements and the system-
atic conservation planning framework are illustrated with
boundary boxes in Fig. 10.

6. Conclusions

The ecologically important BNP in Bangladesh has expe-
rienced significant degradation over the past few decades
due to intensified human activities. This study leverages
geospatial analysis of Landsat satellite time-series data, sup-
plemented by field observations, to assess the rapid decline
and degradation of BNP’s forests. The analysis underscores
the role of industrial urbanization as a primary driver of
these adverse changes. Freely available Landsat imagery
has proven to be a powerful tool for evaluating deforesta-
tion, forest degradation, and fragmentation, providing a
comprehensive view of the park’s evolving landscape.

The study demonstrates a marked reduction in forest
cover and a substantial increase in non-forest areas be-
tween 1990 and 2020. Specifically, the core zone of the
forest has experienced relatively less anthropogenic impact
compared to the buffer zone, which has been subjected to
significant disturbances. The study highlights a marked in-
crease in forest fragmentation, with a growing number of
smaller, isolated patches and a decline in the overall size
and continuity of forested areas. This fragmentation threat-
ens the ecological integrity of the park and its ability to
support diverse wildlife. Key factors contributing to this
impact include industrial development, expansion of settle-

ments, illegal logging, encroachment on forest land, and in-
adequate administrative oversight. The cumulative effects
of these activities have led to profound alterations in the
park’s landscape, placing its ecological integrity at consid-
erable risk. If current trends continue, BNP’s forest ecosys-
tems face an existential threat.

Addressing these challenges necessitates immediate and
robust policy interventions and strategic management deci-
sions. Strategic and managerial actions must focus on curb-
ing industrial expansion, preventing illegal activities, and
enhancing law enforcement. The SES offers a robust ap-
proach for identifying and analyzing the various factors in-
fluencing land use and land cover changes. By applying this
framework, stakeholders can gain insights into the com-
plex interactions between ecological and socio-economic
factors, which are crucial for developing and implement-
ing effective conservation strategies. The framework facil-
itates a comprehensive understanding of the factors affect-
ing BNP’s environment, enabling the formulation of sus-
tainable management strategies that address both ecologi-
cal and human dimensions. For instance, regular satellite
monitoring using remote sensing technologies systemati-
cally tracks changes in forest cover and landscape structure
over time. This approach enables the timely detection of
deforestation, fragmentation, and other land-use changes,
thereby supporting data-driven decision-making and early
identification of emerging ecosystem threats. In this regard,
establishing buffer zones around core forests can mitigate
the direct impacts of human activities on ecologically sig-
nificant areas. Furthermore, allocating industrial develop-
ment zones away from forest boundaries minimizes habitat
disturbance, reduces pollution risks, and preserves ecologi-
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cal connectivity.
The critical insights derived from this study are intended

to inform decision-makers, including park managers, poli-
cymakers, and the scientific community. It emphasizes the
importance of utilizing remote sensing and spatial analy-
sis technologies for cost-effective exploratory planning, sce-
nario development, and impact modeling. These technolo-
gies offer valuable tools for assessing current conditions,
predicting future trends, and evaluating the effectiveness of
conservation measures. By integrating these tools into con-
servation efforts, stakeholders can enhance their capacity
to protect and restore BNP’s forest ecosystems, ultimately
ensuring the long-term preservation of this vital natural re-
source.

The findings of this study may help manage protected
forests in developing countries like Bangladesh, which are
highly affected by anthropogenic disturbances, including
industrial and urban development, settlement, and agricul-
tural expansion.

In this study, we utilized freely available Landsat satel-
lite imagery to assess deforestation and fragmentation in
the BNP over a decadal period. Future research could in-
corporate high-resolution lidar imagery for more detailed
and frequent assessments of land-use and land-cover dy-
namics. Subsequent studies should also focus on temporal
changes in ecosystem service values with spatio-economic
modelling.
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