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Assessing land use and land cover changes from 1989 to 2021 in relation to economic

zone construction along mangrove forests on the east coast of Bangladesh

Abstract

Coastal ecosystems, represented by mangrove forests, have been degraded by human
activities, making ecosystem restoration essential to reinstate ecosystem services. Since 2016,
a governmental program has led to the exploitation of mangroves along the eastern coast of
Bangladesh. To assess the impacts, land use and land cover (LULC) changes were monitored
before and after the exploitation, from 1989 to 2021, covering 192 km? of mangrove
plantation and surrounding areas. LULC mapping was conducted using Landsat and Sentinel
images with supervised classification via a random forest classifier in Google Earth Engine.
The area was categorized into nine LULC classes: built-up land, agricultural land, homestead
vegetation, artificial water, grassland, forest, bare land, mudflat and seawater. The x
coefficients of the maps were high (> 0.71), indicating accurate classification. Built-up land
was absent until 2014 and increased to 13.0 km? by 2021. Forest expanded from 32.6 km? in
1989 to 43.1 km? in 2014 but decreased to 36.0 km? by 2021. Transition matrix revealed that
this decline was mainly due to the conversion of forest to built-up land (3.3 km?), mudflat
(2.3 km?), bare land (2.2 km?) and artificial water (2.1 km?). Economic zone construction
contributed to increases in built-up land, bare land and artificial water leading to forest loss
and impacting the remaining forests. Moreover, substantial conversion of grassland into built-
up and bare lands poses further threats to the ecological resilience of mangroves. Therefore,
comprehensive monitoring, including the built-up surrounding areas, is crucial for timely and

effective conservation efforts of mangrove forests.

Keywords Mangrove forest - Economic zone construction - Satellite images - Random forest-

Land use and land cover (LULC) - Transition matrix
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Introduction

Mangroves, a type of coastal wetlands, are woody plant communities thriving in the intertidal
zones of tropical and subtropical coastlines and river mouths (Jia et al. 2023). They create a
biodiverse and productive environment, offering numerous ecosystem services, including
carbon sequestration for climate regulation, habitat and nursery grounds, coastal risk
protection and cultural services such as ecotourism and education (Craft 2022). Mangroves
have been recognized as a key component of national and international climate mitigation
strategies in the land use, land-use change and forestry sector to support Nationally
Determined Contributions under the Paris Agreement and advance the United Nations
Sustainable Development Goals (Taillardat et al. 2018; Chow 2018).

Over the past century, 2/3 of mangroves have suffered irreversible damage (Long et al.
2023). Between 1990 and 2020, mangrove forest area declined by 1.04 million ha, with
approximately 62% of the loss occurring between 2000 and 2016 (FAO 2020). These losses
were mostly driven by forest clearing, wood extraction, population growth and urban
expansion in coastal regions (Richards and Friess 2016; Thomas et al. 2017). In Bangladesh,
mangroves have been impacted by tree felling and land conversion (Hasan et al. 2024), as
well as urbanization, industrial exploitation, coastal development and agricultural reclamation,
all of which directly affect land use and land cover (LULC) patterns (Kirwan and Megonigal
2013).

Special economic zones (SEZs) exemplify human-led activities that induce rapid LULC
changes (Sosnovskikh 2017). Various countries have adopted SEZs to accelerate economic
growth, attract foreign investment and promote industrialization (Tang 2022). However, few
studies have assessed LULC changes resulting from SEZ establishment. Poorly planned
LULC changes often lead to ecosystem degradation (Arshad et al. 2020), making
spatiotemporal analysis around SEZ essential for monitoring human impacts (Ellis et al.
2011).

Bangladesh hosts the largest mangrove plantations in the world (Chowdhury et al. 2022),
yet existing mangrove maps lack sufficient resolution to capture local-scale changes (Islam et
al. 2019). While LULC changes in the central and western coastal zones have been well
documented (Roy et al. 2024), the eastern zone remains underexplored, despite containing
diverse mangrove plantations. This study focused on the Mirsharai-Sitakunda mangrove

plantations in eastern Bangladesh. In response to the degradation of natural mangroves, the
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Bangladesh government launched a coastal afforestation initiative in 1966 (Ullah et al. 2010),
implemented by the Forest Department across various coastal regions (Barua and Rahman
2019). Coastal afforestation is considered a key strategy to enhance the resilience of country
to climate change, given its high vulnerability to coastal hazards (Martin et al. 2020).
Mangroves in this region play a crucial role in protecting against natural disasters but are
undergoing LULC transformation due to human activities. The national SEZ adjacent to the
Mirsharai and Sitakunda mangrove plantations is the focus of this study. Development
activities, including infrastructure expansion, road construction, sand filling and tree felling,
have affected nearby mangrove forests (Nabila and Tsuyuzaki 2025). Given the susceptibility
to coastal disasters, such disturbances likely exacerbate environmental impacts. The
proximity of the SEZ to mangrove forests suggests that LULC conversion due to construction
reduces protection against flooding and high winds (Romafach et al. 2018). Quantitative
estimates of LULC changes across spatial and temporal scales are therefore essential for
understanding these impacts and informing policy interventions (Shawul and Chakma 2019).
This study investigated the impact of SEZ development on mangrove forests by assessing
spatiotemporal LULC changes over the past three decades.

Advances in satellite-based remote sensing (RS) have enabled timely and spatially
explicit monitoring of LULC changes (Waleed et al. 2024). RS data are widely used due to
their frequent observations and availability of free coarse-resolution imagery, which are
processed in geographic information system (GIS) for accurate mapping (Tewabe and
Fentahun 2020). RS applications have proven effective for mangrove inventory, mapping and
change detection (Kirui et al. 2011). Google Earth Engine (GEE), a cloud-based platform for
RS data, is commonly used in research for accessing multi-sensor imagery and metadata
(Gorelick et al. 2017). GEE also provides pre-loaded machine learning models for
applications, such as supervised LULC classification (Avci et al. 2023). The random forest
(RF) algorithm is a widely used supervised classification method, offering advantages in
feature selection and classification accuracy (Long et al. 2023).

Vegetation indices (VIs) derived from RS support reliable LULC classification in
complex environments such as mangrove forests (Maryantika and Lin 2017). This study
employed four VIs to improve classification accuracy: the Normalized Difference Vegetation
Index (NDVI) and Soil-Adjusted Vegetation Index (SAVI) to distinguish mangrove from
non-mangrove areas (Adamu et al. 2018); the Enhanced Vegetation Index (EVI) for
mangrove classification (Akhtar and Tsuyuzaki 2024); and the modified Normalized
Difference Water Index (mNDWI) to separate land and water features (Kelly and Gontz
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2017). Elevation was also included as an auxiliary variable, as it interacts LULC distribution
(Phan et al. 2020; Nasiri et al. 2022).

The objectives of this study were to: (a) extract and map LULC information before and
after SEZ development; (b) detect changes over three decades; and (c) assess the transition
dynamics of LULC classes due to construction activities. We argue that the current SEZ
project underestimated its environmental impact on nearby mangrove forests and overlooked
effects on more distant areas. These findings offer insights for policymakers regarding

mangrove conservation and forest management in the context of development planning.

Materials and methods

Study area

The study area covers the Mirsharai-Sitakunda forests in the eastern coastal region of
Bangladesh. In 1976, the Chittagong Coastal Afforestation Division initiated a mangrove
afforestation program along the Mirsharai coastline (Fig. 1) to enhance coastal resilience
(Uddin et al. 2014). The area was initially a bare mudflat, which remained unvegetated until
successional processes facilitated the establishment of grasses (Saenger and Siddiqi 1993). In
2014, the Bangladesh Economic Zone Authority selected an area near the Mirsharai
afforestation for economic zone development, based on its proximity to the Dhaka-
Chittagong highway and the availability of land for industrial growth and infrastructure,
including roads, drainage and power supply (BEZA 2014). Construction of buildings and
roads was implemented as offsite facilities surrounding the economic zone. Since 2016,
ongoing development activities within and around the zone have affected the nearby
mangrove plantations. Therefore, the construction of the economic zone has disrupted these
plantations, making this area a suitable site for study (22°34'-22°50'N and 91°23'-91°39'E,
5.3 m a.s.l.) (Fig. 1). The study area covered approximately 192 km?, of which 122 to 144

km? were land, depending on coastal fluctuations.
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Fig. 1 Study site. (a) location of Bangladesh and neighboring countries; (b) study area along
the eastern coast of Bangladesh; and (c) Mirsharai-Sitakunda coast showing with elevation,
enclosed by dashed lines. Contour lines are shown at 30 m intervals. The economic zone was

developed on the northern coast, which had extended over time through sedimentation

The climate in this region is categorized into tropical monsoon (Peel et al. 2007), with
annual rainfall ranging from 2500 mm to 3000 mm (Brammer 2013). Maximum monthly
temperatures reach 33.4°C, while minimums drop to 14.1°C. During the monsoon season,
relative humidity averages 80% at a weather station approximately 4.5 km far from the study
site. About 80% of the annual rainfall occurs between May to October (BMD 2023). Soil
salinity ranges from 4 to 26 dS/m (SRDI 2010), and the slope direction of the terrain is
oriented southwest toward the sea. Primary economic activities in this coastal region include

farming, fishing and tourism (Ahmed et al. 2021).
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Satellite image collection

This study used the satellite imagery from the GEE repository, which provides
radiometrically and geometrically corrected datasets (Gorelick et al. 2017). RF classifier was
employed in GEE due to its ability to handle multi-dimensional data, ignore irrelevant
features, support flexible non-parametric modeling and accommodate missing data (Yuh et al.
2022). RF was selected to assess LULC changes in mangrove forests and surrounding areas.
Five observation years were examined: 1989, 2001, 2011, 2014 and 2021. The 2014 image
was used to capture land use types immediately prior to the construction of economic zone.
Suitable cloud-free imagery was unavailable in 2015. The 2021 image was selected to detect
post-construction human impact. A decadal interval was adopted to observe long-term
changes, with the exception of 1990-1991, for which cloud-free imagery was unavailable

during the target season; thus, a 1989 image was used instead (Purwanto et al. 2023).

Satellite images were accessed in GEE for: December 15 1989, February 7 2001,
January 26 2011, February 19 2014 and January 26 2021. Sensors included Landsat 5
Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8
Operational Land Imager-Thermal Infrared Sensor (OLI-TIRS) and Sentinel 2A (Table 1). All
images were acquired during winter under 0% cloud cover to minimize interannual variability
(Bhattacharjee et al. 2021). LULC classification results indicated that interannual climate
variability had limited influence on classification accuracy. Whenever available, Landsat
Collection 2 Level-2 surface reflectance data, geometrically, radiometrically and
atmospherically corrected by the United States Geological Survey (USGS), were used
(Tesfaye et al. 2024). Landsat 5 was used in 2011 instead of Landsat 7 due to scan line errors.
Sentinel 2A was selected for 2021 because no suitable cloud-free Landsat 8 imagery was
available. Elevation data were sourced from the Shuttle Radar Topography Mission (SRTM)
at 30 m resolution, provided by NASA and USGS/JPL-Caltech.
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Table 1 Characteristics of satellite imagery used in this study

Sensor type Platform Acquisition  Resolution Dataset Earth Engine

date (m) Provider Snippet

™ Landsat 5 1989/12/15 30 USGS ee.ImageCollection(
"LANDSAT/LTO05/C
02/T1_L2")

ETM+ Landsat 7 2001/02/07 30 USGS ee.ImageCollection(
"LANDSAT/LE07/C
02/T1_L2")

™ Landsat 5 2011/01/26 30 USGS ee.ImageCollection(
"LANDSAT/LT05/C
02/T1_L2")

OLI-TIRS Landsat 8 2014/02/19 30 USGS ee.ImageCollection
(“LANDSAT/LCO08/
C02/T1_L27)

MultiSpectral ~ Sentinel 2A  2021/01/26 10 European Union/ ee.ImageCollection

Instrument ESA/Copernicus  ("COPERNICUS/S2")

SRTM Endeavour 2000/ 30 NASA/USGS/  USGS/SRTMGL1 0

(STS-99) February JPL-Caltech 03

Image pre-processing

All collected images were processed using the GEE platform with its code editor (Kadri et al.

2023). To eliminate any haze, the cloud mask approach in GEE utilized the QA_PIXEL band

for Landsat images and the QA60 band for Sentinel-2 image. The ee.FeatureCollection

function was used to filter collections by specific date ranges. To enhance land cover

categorization accuracy, auxiliary datasets were computed alongside spectral bands (Tesfaye
et al. 2024). Four VIs were calculated for each image in GEE: NDVI (Tucker 1979), EVI
(Huete et al. 2002), SAVI (Huete 1988) and mNDWI (Xu 2006) using the following

equations:

NDVI=(NIR - red)/(NIR+ red)

SAVI = {(NIR - red)/(NIR + red + L)} x (1 +L)

EVI=G x {(NIR - red)/(NIR + C1 x red -C2 x blue + L)}

mNDWI = (green - SWIR)/(green + SWIR)

(1
)
3)
4),

where reflectance in specific spectrum components is denoted as blue, green, red, near-

infrared (NIR) and shortwave infrared (SWIR). G denotes a gain factor (Eq. 3), L is a soil

adjustment factor (Eqs. 2 and 3) and C; and C: are coefficients used to correct aerosol
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scattering in the red band using the blue band (Jiang et al. 2008). For EVI, the following
parameters were used: G =2.5, C; =6 and C, =7.5 and L = 1. For SAVI, L = 0.5 was applied.

SRTM digital elevation data were incorporated to improve dataset accuracy (Farr et al. 2007).

LULC classes

Based on field observations conducted in November 2021, the study area was classified into
nine land cover classes: built-up land, agricultural land, homestead vegetation, artificial water,

grassland, forest, bare land, mudflat and seawater (Table 2).

Table 2 Description of LULC classes used in this study

LULC Description

Built-up land Industrial area, roads, dyke and other establishments associated
with the economic zone

Agricultural land Land used for crop production and grazing, fallow land (Fig. S1)

Homestead vegetation Vegetation planted around rural settlements/homesteads, roadside
vegetation

Artificial water Aquaculture ponds, lakes, waterlogged area associated with the

economic zone establishment

Grassland Area covered with grass, dominated by Porteresia coarctata
(Roxb.) Tateoka (Poaceae), a pioneer on coastlines in the
northern Bay of Bengal (Naskar et al. 2021)

Forest Planted mangrove forest

Bare land Barren land, exposed soil

Mudflat Coastal flat, marsh and newly accreted land
Seawater Open sea, channel, creeks

Training and validation samples for LULC classification

A common technique for obtaining training and validation samples involves the visual
interpretation of high-resolution satellite imagery (Li et al. 2019). In this study, LULC
classification was performed using training samples derived from high-resolution Google
Earth imagery. Ground truth data were collected from accessible areas using a handheld GPS
device (GPSmap 60CSx, Garmin, Schaffhausen, Switzerland) to validate land cover classes

through field inspection. Historical maps and records from the Bangladesh Forest Department
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were consulted; however, visual interpretation was primarily employed to validate
classifications of earlier imagery. The number of collected samples, stratified by land cover
class, ranged from 1853 to 2832 pixels. Sample size per class was determined by the
distribution and abundance of each land cover class (Ghosh et al. 2016). Of the total samples,
70% were allocated for training and 30% for validation (Loulad et al. 2023).

Supervised classification was conducted using the RF machine learning algorithm,
which is widely recognized for its high classification accuracy (Ramezan et al. 2021). The
performance of RF algorithm depends on the number of trees and selected parameters (Patil
and Panhalkar 2023). In this study, RF parameters were set to 300 trees and five features per
node split (Kouassi et al. 2023).

Accuracy assessment and post-processing

After classification, a confusion matrix was used to evaluate each classified image (Midekisa
et al. 2017). Classification performance and errors were assessed using overall accuracy (OA),
x coefficient, user accuracy (UA) and producer accuracy (PA). OA represents the percentage
of correctly classified test samples (Tesfaye et al. 2024). The «, ranging from 0 to 1, measures
agreement beyond chance, with values between 0.61 and 0.80 considered substantial
(McHugh 2012). PA was calculated by dividing the number of correctly classified reference
samples by the total number of reference samples for that class. UA was calculated by
dividing the number of correct classifications for a given class by the total number of
predicted samples for that class (Aji et al. 2023). To minimize classification error, the
procedure was repeated multiple times using different datasets. Both quantitative and
qualitative metrics, including visual inspection, were used to evaluate the results. Field
investigations and prior knowledge were incorporated to verify outcomes. To validate the
LULC classification, a cross-validation was performed by 205 ground truth points, with 15 to
35 samples per class. Final LULC maps for each year underwent post-processing using
classification sieve corrections in QGIS (version 3.16.15), which replaces isolated pixels with

those of the largest neighboring patch (Congedo 2021).

LULC change assessment

The area covered by classified LULC maps for each specified period was calculated and

temporal variations were quantified. Post-classification comparison techniques based on

Page | 9



258
259
260
261

262

263

264
265
266
267
268

269
270
271
272
273
274
275
276
277
278
279
280

‘from-to’ change information were applied to identify LULC changes over time (Ghosh et al.
2016). Absolute changes in LULC categories were calculated as the difference between two
successive LULC maps (Shawul and Chakma 2019). Transition matrices were constructed to

illustrate the conversion patterns among LULC category.

Results

LULC classification accuracy

Table 3 Accuracy assessment of LULC classification. PA = Producer accuracy (%); UA =

User accuracy (%)

Year 1989 2001 2011 2014 2021 Average  Average
PA UA

LULC PA UA PA UA PA UA PA UA PA UA

Built-up land - - - - - - - - 96 97 96 97

Agricultural 77 75 79 76 72 88 83 86 73 71 76.8 79.2

land

Homestead 73 67 65 79 73 61 78 74 73 63 72.4 68.8

vegetation

Artificial water 82 75 54 56 74 65 9% 81 93 84 79.8 72.2

Grassland 88 85 67 61 72 66 69 85 69 57 73.0 70.8

Forest 76 83 83 74 84 90 88 87 88 92 83.8 85.2

Bare land 88 80 89 94 67 64 67 67 56 70 73.4 75.0

Mudflat 93 93 90 84 71 85 84 92 68 80 81.2 86.8

Seawater 95 97 87 87 90 80 97 88 85 87 90.8 87.8

Overall 80 79 79 84 81

accuracy (%)

r-coefficient 0.75 0.73 0.71 0.79 0.77

x exceeded 0.71 in all five assessments (Table 3), with OA above 79%, showing the
reliability of LULC classification. PAs were over 90% for seawater in 1989, 2011 and 2014,
mudflat in 1989 and 2001, and artificial water in 2014 and 2021 and built-up land in 2021.
All PAs exceeded 65%, except for artificial water in 2001 (54%) and bare land in 2021 (56%).
UA in 1989 ranged from 67% for homestead vegetation to 97% for seawater. In 2001, UA
varied from 56% for artificial water to 94% for bare land. In 2011, UA ranged from 61% for
homestead vegetation to 90% for forest. UA in 2014 ranged from 67% for bare land to 92%
for mudflat. In 2021, built-up land showed the highest UA at 97%. Overall, built-up land,
agricultural land, forest, mudflat and seawater showed relatively high UA.

Landsat images in 1989 (80%, x = 0.75), 2001 (79%, 0.73), 2011 (79%, 0.71) and 2014
(84%, 0.79) yielded comparable OA and « to those derived from the Sentinel 2A image in
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281 2021 (81%, 0.77). However, the confusion matrix revealed misclassification between forest
282  and homestead vegetation (Table 4). Additional confusion was observed between grassland
283  and homestead vegetation and occasionally between artificial water and seawater (Table S1).
284

285  Table 4 Confusion matrix showing misclassification among LULC types and classification

286  accuracies for 1989

=
S
u=T= R
E £ 9
— < o) -
LULC 2 5w § % & 5 =B g Total Accuracy
3 SR s o4 S b= S (%)
L2 g E O m %
5 & =
g <
< 3
s
Agricultural land 27 2 0 5 0O 2 0 0 36 75
Homestead vegetation 2 157 0 2 74 1 0 0 236 67
Artificial water 0O 0 9 2 0O 0 0 1 12 75
Grassland 1 3 0 107 7 2 5 1 126 85
Forest 0 53 0 0O 253 0 0 0 306 83
Bare land 5 1 0 3 0 37 0 O 46 80
Mudflat 0 O 1 3 0O 0 8 2 91 93
Seawater 0 0 1 0 1 0 1 84 87 97
Total 35 216 11 122 335 42 91 88 940
Producer Accuracy (%) 77 73 82 88 76 88 93 95
287
288

289  Spatiotemporal changes in LULC
290

291  The LULC map showed that, except for seawater, the majority of the area was covered with
292  forest (Fig. 2), stretching between seawater and agricultural land. Homestead vegetation was
293  primarily located on the eastern side, adjacent to agricultural land, throughout the studied
294  period from 1989 to 2021. Artificial water was distributed mostly in the northern region, near
295  built-up land. Over time, the coastline expanded mainly in the northern part of the study area
296  (Fig. 2). This region exhibited considerable variability, driven mostly by natural processes.

297  However, the establishment of the SEZ appears to have constrained these natural fluctuations.
298
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Fig. 2 The LULC maps showing the distribution of examined LULC classes in (a)1989; (b)
2001; (c) 2011; (d) 2014; and (e) 2021

In 2014, there was no built-up area, indicating minimal human disturbances (Fig. 3).
Built-up land was not observed until 2014 and appeared in 2021 mostly in the northwestern
parts and extended into the middle of the forest. In addition, along approximately half of the
coastline, mangroves were severed from direct seawater connectivity, thereby compromising

their coastal protection functions (Fig. 4B).
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Fig. 5 Temporal changes in LULC areas from 1989 to 2021, illustrating land cover transitions
over the study period

Built-up land was absent until 2014 but expanded to 13.0 km? in 2021 (Fig. 5).
Agricultural land decreased from 30.2 km? in 1989 to 22.9 km? in 2021. Homestead
vegetation increased steadily, from 8.7 km? in 1989 to 16.4 km? in 2021. Artificial water
bodies expanded from less than 0.1 km? in 1989 to 7.8 km? in 2021. Grassland decreased
substantially, from 21.0 km? in 1989 to 5.1 km? in 2021. Forest cover increased from 32.6
km? in 1989 to 40.6 km? in 2001, 42.2 km? in 2011 and 43.1 km? in 2014, but then declined
to 36.0 km? in 2021. Bare land decreased from 10.6 km? in 1989 to 3.5 km? by 2014, then
returned to 10.6 km? in 2021. Mudflat area fluctuated over time: it decreased from 19.5 km?
in 1989 to 16.1 km? by 2001, increased to 27.1 km? in 2011 and dropped again to 18.3 km? in
2021. Seawater was 68.9 km? in 1989 and decreased to 61.2 km? in 2021.

From 1989 to 2021, seawater, mudflat, grassland and agricultural land decreased, while
artificial water bodies, homestead vegetation and built-up land increased (Table 5). However,
the magnitude and direction of changes varied across sub-periods: 1989 to 2001, 2001 to
2011, 2011 to 2014 and 2014 to 2021. Forest area declined between 2014 and 2021, despite
earlier gains, primarily due to conversion into built-up land and mudflat. Grassland also

declined after 2014, primarily transitioning into mudflat and built-up land.
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Table 5 Changes in LULC areas (km?) from 1989 to 2021. Red shading indicates a decrease
and green shading indicates an increase. The intensity of each color, ranging from light to

dark, reflects the magnitude of change

LULC change
Class 1989-2001 2001-2011 2011-2014 2014-2021  Net (1989-2021)
Km? %

Built-up land 0.00 0.00 0.00 13.03 13.03 6.80
Agricultural land -3.36 5.62 -0.98 -8.51 -7.23 -3.78
Homestead vegetation 0.24 5.01 1.62 0.91 7.78 4.07
Artificial water 0.01 1.75 0.32 5.70 7.78 4.06
Grassland -2.77 0.19 9.00 -22.31  -15.89 -8.29
Forest 8.03 1.60 0.92 -7.14 3.41 1.77
Bare land 1.34 -11.16 2.79 7.09 0.06 0.05
Mudflat -3.41 10.94 -6.03 -2.68 -1.18 -0.62
Seawater -0.07 -13.97 -7.63 13.91 -7.76 -4.06

Between 1989 and 2001, 54% of the area (102.7 km?) remained unchanged in terms
of LULC, including 15% of forest (28.9 km?) that persisted without alteration (Fig. 6). Non-
forest changes accounted for 44.4 km? (23%) of the total area. During this period, forest
increased by 11.7 km? (6%), mostly in the north region, while it decreased by 3.7 km? (2%) in
the central part of the study area.

Between 2001 and 2011, 99.3 km? (55%) of the area remained unchanged, including
38.2 km? of stable forest (20%). During this period, forest increased by 4.0 km? (2%) and
decreased 2.4 km? (1%), resulting in a net gain. From 2011 to 2014, 106.5 km? (56%) showed
no change, with 39.7 km? (21%) classified as forest. Forest expansion continued (3.4 km?,
2%), although 2.5 km? (1%) was lost prior to development activities. Meanwhile, 38.1 km?
(21%) underwent non-forest transitions. From 2014 to 2021, forest loss totaled 11.2 km? (6%),
occurring both in the northern sector and within interior forest areas distant from the project
zone. New road networks emerged across the landscape, including areas outside the
economic zone. Non-forest changes accounted for 55.7 km? (29%), while 88.7 km? (46%)
remained stable, including 31.9 km? (17%) of persistent forest. Despite ongoing degradation,

forest increased by 4 km? (2%) during this period.
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Fig. 6 Change in LULC over time: (a) from 1989 to 2001; (b) from 2001 to 2011; (c) from
2011 to 2014; and (d) from 2014 to 2021

LULC transformation from 1989 to 2021

Between 1989 and 2001, 28.9 km? of the total 32.6 km? forest area were unchanged, while
minor conversions occurred to grassland (1.5 km?), mudflat (0.8 km?) and seawater (0.9 km?)
(Table 6). Of the 30 km? of agricultural land in 1989, 21.4 km? persisted through 2001, with
3.8 km? transitioning to grassland and 3.3 km? to bare land. Conversely, bare land contributed
2.8 km? to agricultural land and 2.2 km? to grassland. Grassland underwent notable

conversions to forest (9.7 km?) and bare land (3.3 km?).
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Table 6 Transition matrix of LULC changes (km?) between 1989 and 2001

Year 2001
s —
§ £ 28 = e - T s 5
e £w 2t Tp =& z s o =
LULC 5 B85 82 E£8 7 £ . T &
=z £~ & w53 g i 5 S S
Built-up land 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
2 Agricultural Tand 0.00 2143 157 000 379 004 331 004 0.02
(@)Y
- Homestead vegetation 0.00 1.82 5,09 0.00 1.49 0.09 0.14 0.00 0.00
Artificial water 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00
Grassland 0.00 0.68 1.20 0.00 4.59 9.74 3.32 092 0.56
Forest 0.00 0.02 030 0.00 1.47 2893 0.13 0.81 0.92
Bare land 0.00 2.83 0.65 0.00 222 043 421 0.13 0.08
Mudflat 0.00 0.03 0.05 0.01 342 1.19 0.75 17.07 6.97
Seawater 0.00 0.01 0.01 0.00 124 0.20 0.03 7.12 60.33

Bold numbers represent unchanged LULC areas between 1989 and 2001 (km?)

From 2001 to 2011, mudflat was replaced mostly by grassland (4.3 km?), while seawater

remained largely stable at 52.7 km?. Coastal expansion was evident, with 15.3 km? of

seawater converting to mudflat, increasing its total area from 16.1 km? to 27.1 km? (Table 7).

Bare land changed to agricultural land (5.7 km?) and grassland (4.0 km?). Forests showed

modest expansion during this period.

Table 7 Transition matrix of LULC changes (km?) between 2001 and 2011

Year 2011
LULC 9 - - - -
R S E. & . g 5 3
= =T 7E 28 2 s = 3 s
¥ EE € £ 2 & . T %
=z ©— E@m £z ¢ Ao = = 5
E 2:0 = 2 < ) m A
Built-up land 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
§ Agricultural land 0.00 2276 2.63 004 1.16 0.08 0.15 0.00 0.02
N
Homestead vegetation 0.00 0.70 7.06 0.01 033 0.74 0.00 0.02 0.00
Artificial water 0.01 0.00 0.00 0.00 0.00 0.00 000 0.00 0.01
Grassland 0.00 326 344 0.60 6.77 241 043 1.17 043
Forest 0.00 001 039 0.02 099 3820 005 064 032
Bare land 0.00 572 034 086 4.02 032 037 026 0.00
Mudflat 0.00 0.02 0.03 022 433 040 0.02 9.64 1.43
Seawater 0.00 0.00 0.00 0.01 0.81 0.08 0.00 1531 52.67

Bold numbers represent unchanged LULC areas between 2001 and 2011 (km?)
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Table 8 Transition matrix of LULC changes (km?) between 2011 and 2014

Year 2014
LULC '8 _
© =

A <& TP <3 O = mo = &
Built-up land 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00
Agricultural land 0.00 27.82 240 0.09 055 005 152 0.03 0.01
Homestead vegetation 0.00 1.84 1091 0.03 035 0.69 0.06 0.00 0.01
Artificial water 0.00 0.03 0.05 118 029 0.07 0.07 005 0.02
g Grassland 0.00 143 137 040 1131 141 149 077 024
“ Forest 0.00 0.09 057 0.18 1.06 39.74 0.13 025 0.20
Bare land 0.00 021 0.08 0.02 0.19 007 016 0.00 0.00
Mudflat 0.00 0.01 0.04 0.16 1296 096 0.09 11.16 1.65
Seawater 0.00 0.03 0.08 003 072 0.14 000 873 45.16

Bold numbers represent unchanged LULC areas between 2011 and 2014 (km?)

Between 2011 and 2014, 12.9 km? of mudflat areas were converted to grassland,

contributing to the expansion of grassland (Table 8). Agricultural land underwent transitions,

with 2.4 km? converted to homestead vegetation and 1.5 km? to bare land, while 27.8 km?

remained unchanged in 2014. Prior to development, the mangrove forest exhibited a net

increase in area during the period.

Table 9 Transition matrix of LULC changes (km?) between 2014 and 2021

Year 2021
LULC - _
<

= £2 7§ gg = 2 = = 5

2 5§ 2% £% %2 & o B 2

! . <

= 5~ E® Ex £ 4 5 S 8

g < T - © a .
Built-up land 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00
<« Agricultural land 143 1931 393 040 088 043 356 146 0.08
§ Homestead vegetation ~ 0.02 1.86 1143 0.09 005 120 0.72 0.12 0.04
Artificial water 0.05 0.04 003 127 0.01 021 011 0.13 024
Grassland 7.22 040 047 275 279 159 279 6.88 254
Forest 3.25 0.10 044 206 027 3199 221 229 054
Bare land 0.22 121 0.12  0.19 0.10 023 095 044 0.06
Mudflat 0.85 0.01 001 1.03 098 035 021 639 11.17
Seawater 0.01 0.04 0.00 0.01 0.02 0.01 0.07 061 46.52

Bold numbers represent unchanged LULC areas between 2014 and 2021 (km?)
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Between 2014 and 2021, built-up land emerged, resulting in a reduction of agricultural
land by 1.4 km? and increase in bare land by 3.6 km?. Forests declined following the
construction of SEZ after 2016, with 3.3 km? converted to built-up land and 2.3 km? to
mudflat. In addition, 2.2 km? of forest was converted to bare land and 2.1 km? to artificial
water. Grassland was converted to built-up land (7.2 km?) and mudflat (6.9 km?). Mudflat

areas decreased by 11.2 km?, mostly converted to seawater (Table 9).

Discussion

The accuracy of the LULC classification remained relatively consistent across the study
periods. By incorporating auxiliary data, satisfactory performance was achieved, with OA
exceeding 79% and x greater than 0.71. Nonetheless, persistent misclassifications were
observed between forests and other vegetated classes, due to their similar spectral signatures
(Otero et al. 2016). Annual fluctuations in classification accuracy for categories such as
artificial water and bare land appear to be associated with the dispersed and infrequent spatial
distribution of these classes (Abdullah et al. 2019). Spectral similarities among homestead
vegetation, grassland and forest further contribute to classification errors, resulting in reduced
accuracy for these categories. In addition, LULC classification in heterogenous coastal areas
tends to favor majority classes, potentially leading to misclassification of minority classes
(He and Garcia 2009).

LULC maps from 1989 to 2021 illustrated the spatial distribution of LULC classes
across five distinct time periods. The temporal analysis revealed substantial transformations
in landscape composition over the study periods. Particularly, two distinct change patterns
were identified for the mangrove forest. In the central region, mangroves formed a natural
barrier between coastal and inland zones. From 1989 to 2014, the forest area exhibited an
increasing trend, primarily driven by afforestation initiatives under various coastal restoration
projects (Hoque et al. 2021). This expansion was supported by both natural regeneration and
targeted afforestation efforts (Uddin et al. 2014). However, a marked decline in mangroves
was observed between 2014 and 2021, mostly due to built-up development associated with
the economic zone (Uddin et al. 2022). Built-up land exhibited monotonic increase
throughout the study period, with expansion concentrated near the project zone and adjacent
development areas. These changes reflect the spatial influence of infrastructure growth and

land conversion pressures in coastal regions.
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Furthermore, the findings revealed declining trends in seawater, mudflat, grassland and
agricultural land, while artificial water bodies, homestead vegetation, bare land and built-up
land exhibited increasing trends. The expansion of homestead vegetation occurred primarily
at the expense of agricultural land (Islam et al. 2022) along the eastern margin of the study
area, driven by population growth (Hoque et al. 2020). Although homestead vegetation
represents a multifunctional vegetation system designed to support livelihoods, subsistence
needs and environmental conservation, its expansion has led to loss in ecosystem services,
including crop production, soil formation and water infiltration. Government-led initiatives,
such as the promotion of fruit trees, fuelwood species and forest plantations around rural
homesteads, along with the coastal green belt project for mangrove restoration, have
contributed to the protection of ecosystem services despite the reduction of agricultural land
(Hoque et al. 2022). However, as population pressures continue to rise, the risk of
overexploitation should be considered in conservation planning (Rahman et al. 2018).
Agricultural land was also converted into built-up and bare land, likely driven by
infrastructural expansion and land development activities.

Since 2016, mangrove forests have been increasingly replaced by construction activities,
such as road construction, sand filling, tree felling and dyke construction. These interventions
have led to the conversion of mangrove forests into built-up land, mudflat, bare land, and
artificial water bodies. The development of economic zones has been a major driver of forest
loss (Aung et al. 2022), particularly in the northern regions where built-up expansion was
most pronounced (Nabila and Tsuyuzaki 2025). Infrastructure projects, such as roads, sluice
gates and dykes, have facilitated greater access to forest resources, thereby accelerating
degradation (Daigle 2010; Benfield et al. 2005). Mangroves often experience water deficits
due to restricted hydrological flow caused by artificial barriers and adjacent built-up zones
(Arshad et al. 2020). Roads constructed within mangroves contribute to ecological
fragmentation by impeding the exchange of water, nutrients and biota (Din et al. 2017). Such
developments promote unsustainable resource exploitation, environmental deterioration and
biodiversity loss (Agbagwa and Ndukwu 2014). Moreover, paved roads often lead to the
proliferation of unpaved road networks, enhancing access to mangrove areas (Hayashi et al.
2019). Post-construction landscapes are occasionally colonized by non-forest plants, altering
native vegetation dynamics (Van Vliet 2019). Excavation of artificial water bodies, such as
lakes and ponds, for economic zone development has also contributed to the conversion of
mangroves and grasslands. The replacement of grasslands with built-up areas is concerning,

as grass plays a critical role in enhancing coastal resistance and stabilizing sediment
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(McConchie and Saenger 1991). Mangrove degradation has profound implications for coastal
ecological stability (Suratman 2008). The conversion of natural habitats into human-induced
land uses poses a threat to the survival of local ecosystems (Islam et al. 2016). The impacts of
construction activities extend beyond immediate project sites, affecting distant forest and
coastal areas through hydrological and ecological connectivity.

The impact of built-up land and associated development activities on forest ecosystems
should be carefully considered when evaluating the sustainability of adjacent forested areas.
Forest conversion to built-up land or other land use classes increases ecological vulnerability
and disrupts landscape integrity (Fan et al. 2024). Such transformations often require the
removal of natural vegetation, including forests and grasslands, leading to the loss of green
spaces and fragmentation of ecological networks (Miah et al. 2024). Mangrove degradation
resulting from intensive LULC changes should foster a false sense of security among local
communities by offering less coastal protection than perceived (Chow 2018). Although an
environmental impact assessment was conducted prior to economic zone development, its
scope underestimated the broader ecological consequences. Our findings demonstrate that the
impacts of economic zone construction extend beyond immediate forest boundaries and affect
distant areas. Given the accelerating pace of human activity and climate change, LULC
patterns are expected to shift rapidly, with implications for regional ecosystems and
community livelihoods (Islam et al. 2022). Human disturbances will likely intensify
mangrove vulnerability and compromise climate adaptation capacity. However, improved
management of such disruptions can enhance the resilience and resistance of mangrove
ecosystems to sea level rise and other climate-related stresses (Gilman et al. 2008). To
safeguard remaining mangrove forests and mitigate adverse impacts, comprehensive and
enhanced environmental impact assessments should be conducted prior to initiating
development projects near coastal ecosystems. Integrated conservation strategies are essential
and should include replanting mangrove trees on suitable accreted land, preventing illegal
encroachment, monitoring artificial expansion of water bodies and enacting effective

mangrove protection policies.

Conclusion

LULC changes were mapped and quantitatively assessed from 1989 to 2021 in the eastern

coastal mangrove areas of Bangladesh. Forest cover increased from 1989 to 2014; however,
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the subsequent period witnessed a decline, accompanied by the emergence of built-up land
and the expansion of artificial water bodies, particularly between 2014 and 2021. The
transition matrix revealed substantial LULC transformations during this period, largely driven
by the establishment of the economic zone project, indicating that human activities altered the
existing landscape. The conversion of forests to built-up land and bare land, both near and
distant from the economic zone, suggests that intensive construction activities have disrupted
the integrity of the coastal mangrove ecosystems. In addition, the transformation of
grasslands into built-up and bare land poses further threats to the ecological resilience and
stability of mangrove ecosystems. This study employed transition matrices to generate spatial
data on LULC changes and highlighted the extent of transformation due to human impact.
The resulting spatial database offers valuable insights for forest management and
conservation planning. It supports policymakers and planners in balancing development with
ecological protection and emphasizes the importance of incorporating the broader impacts of

development projects into forest management strategies for coastal regions.
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Table S1 Confusion matrices showing misclassification among LULC types and
classification accuracy from 2001 to 2021

LULC 2001
=
.8
T B s
= ?L) S =) i) - el
T 2 :EE 5 E ool User
2 v & 2 5 s 2 g Total accuracy
5 2 & ¢ § 2 3 %)
B 9 g
< g =
T
Agricultural land 19 1 0 1 0 4 0 0 25 76
Homestead vegetation 1 156 3 4 32 0 0 2 198 79
Artificial water 0 4 14 4 1 0 0 2 25 56
Grassland 3 13 1 53 6 0 8 3 87 61
Forest 0 66 0 3 192 0 0 0 261 74
Bare land 1 0 0 1 0 34 0 0 36 94
Mudflat 0 0 1 11 0 0 73 2 87 84
Seawater 0 0 7 2 0 0 0 59 68 87
Total 24 240 26 79 231 38 81 68 787
Producer accuracy (%) 79 65 54 67 83 8 90 87
LULC 2011
=
3
T E 5
= ?D s el o] - —
T ¢ 2 E 5 EgoB User
2 - E % & » B & Total accuracy
E 3 & £ & 5 s 3 (%)
= B = O M n 0
5 & 3
< & <
T
Agricultural land 230 0 0 0 30 0 26 88
Homestead vegetation 1 90 3 1 52 0 0 1 148 61
Artificial water 0 5 20 0 0 0o 2 4 31 65
Grassland 3 1 0 46 2 4 14 0 70 66
Forest 0 27 0 4 292 0 1 0 324 90
Bare land 5 0 0 2 1 14 0 0 22 64
Mudflat 0 0 0 9 1 0 60 1 71 85
Seawater 0 0 4 2 0 0o 7 353 66 80
Total 32 123 27 64 348 21 84 59 758
Producer accuracy (%) 72 73 74 72 84 67 71 90
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LULC 2014
=
S}
u=R = -
E £ 2
— < el -
= §° 2 g g :% s 2 User
2 v £ % 5 ‘s 2 g Total Accuracy
2 2 5 5 % 8 = 4 (%)
5 5 I
? £
T
Agricultural land 30 3 o o o0 2 0 O 35 86
Homestead vegetation 5 108 1 3 26 1 1 0 145 74
Artificial water 0 0 25 2 1 0 1 2 31 81
Grassland 0 1 0 51 2 1 5 0 60 85
Forest 1 24 0 & 224 0 0 0 257 87
Bare land 0 0 0 3 1 8 0 0 12 67
Mudflat 0 0O 0 5 0 0 58 0 63 92
Seawater 0 3 0 2 0 0 4 64 73 88
Total 36 139 26 74 254 12 69 66 676
Producer Accuracy 83 78 96 69 88 67 84 97
(%)
LULC 2021
=
S}
u=R = o
T E § 2
= 5 @ B E = F% 5 3 User
o =t > — —_— 1) —_— = <
5 2 g E 2 5 o 8 g Total accuracy
g8 &34 2
aa} an 2 <
< £
T
Built-up land 721 0O o0 0 0 1 0 O 74 97
Agricultural land 0 64 1 0O 11 0 14 0 O 90 71
Homestead vegetation 0 5 74 0 1 34 4 0 0 118 63
Artificial water 0 0 o 74 0 0 0 9 5 88 84
Grassland 0 10 2 0 33 8 2 0 58 57
Forest 0O 0 20 0 2 28 0 0 0 290 92
Bare land 1 8 5 0 1 0 33 0 O 50 70
Mudflat 2 0 0 1 0 o0 0 32 5 40 80
Seawater 0 O o 5 0 0 0 4 58 67 87
Total 75 88 102 80 48 305 62 47 68 800
Producer accuracy (%) 96 73 73 93 69 88 56 68 85
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Fig. S1 LULC types recorded with geographic coordinates in November 2021.
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