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Editorial

The Bangladesh Space Research and Remote Sensing Organization (SPARRSO) has made
significant contributions to the research of space technology and its applications over the years
as a national space research center. Here, we are very pleased to publish the 5™ volume of the
Journal of Remote Sensing and Environment, which is a multidisciplinary journal published by
Bangladesh Space Research and Remote Sensing Organization (SPARRSO).

In this volume, six research articles cover a wide range of topics, including the Earth's surface
processes, natural resource monitoring, and disaster management, particularly in Bangladesh.
The first article assesses the land use and land cover (LULC) change following a disastrous
cycle (Remal) in the Sundarbans region of Bangladesh, which significantly contributed to our
understanding of the impacts and showcases the application of satellite-based monitoring for
effective disaster risk reduction. The second article focuses on the application of high-resolution
satellite data (World View 0.3 m) for fisheries resource management in south-western
Bangladesh, and significantly contributes to the fisheries resource mapping, which is a
prerequisite for effective fisheries resource management in Bangladesh. The third article
explores the compatibility of machine learning tools for mapping impervious surfaces of the
Dhaka Metropolitan areas of Bangladesh, which contributes to the improvement of the
methodological approach of mapping the impervious surface. Furthermore, the fourth article
focuses on the dynamics of land cover, particularly the forest loss due to the Rohingya influx in
Bangladesh. This article contributes to the advancement of Google Earth Engine (GEE)-based
remote sensing techniques in the monitoring of the unwanted forest cover change in Cox’s
Bazar, Bangladesh. The fifth article is related to the comparative seasonality assessment of water
extent area mapping in Hakaluki Haor, Bangladesh. This article contributes to the development
of a Synthetic Aperture Radar (SAR)-based monitoring system, which can play a crucial role in
water extent area mapping in the Haor region of Bangladesh. The sixth and final article
examines urban expansion and population growth efficiency using sustainable development
goal indicators in the Lower Turag River Basin, Bangladesh, which may play a critical role in
developing the sustainable urban framework. Hence, we believe the published research article
in this volume will significantly contribute to the advancement of remote sensing technology
and will play a crucial role in different sectoral policies, strategic planning, and decision-making
in South Asia, particularly in Bangladesh.

Furthermore, we would like to express our gratitude to the intellectual services of the relevant
anonymous reviewers from different universities and research organizations of Bangladesh, who
significantly improved the manuscript through their critical but insightful comments during the
peer-review process.

B. M. Refat Faisal; Ph.D.
Editor
Journal of Remote Sensing and Environment
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Article info ABSTRACT

Keywords: The Sundarbans, the world's biggest mangrove forest and swamp, is notable for
LULC, its biodiversity, ecology, and local economy. However, the ecosystem's distinct
Cyclone Remal, structure is increasingly vulnerable to both natural disasters, particularly cyclones,
Sundarbans, and pressurized human activity. The purpose of this study was to evaluate changes
NDVI, in land use and land cover (LULC) before and after Cyclone Remal (May 2024)
GEE in the Sundarbans region of Bangladesh, utilizing the Sentinel 2 imageries in the

Google Earth Engine (GEE) platform. Here, the Normalized Difference
Vegetation Index (NDVI) and supervised classification techniques have been
used to assess the changes in landcover pattern, including the waterlogging,
vegetation loss, and built-up areas, following the disaster. Here, an increase in
water bodies (1.4%) and healthy vegetation (29.41%), where a decrease in built-
up (0.17%), mudflat (1.83%), and less healthy vegetation (28.82%) have been
observed, which crucially impacts the residents of the Sundarbans. Therefore, this
study urges the utilization of satellite remote sensing-based management
techniques to address the ecological and socioeconomic impacts that result from
extreme weather events, such as cyclones.
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1. Introduction

The world's largest mangrove forest, the Sundarbans, spans more than 10,000 sq.km from
Bangladesh to India. Bangladesh owns over 62% of the forest. This biodiversity and ecological
hotspot is home to more than 1186 species (Rahman & Begum, 2011). This environment is
home to numerous uncommon and endangered species, including Batagur baska, Pelochelys
bibroni, Chelonia mydas, Panthera tigris, and a variety of reptiles (Gopal & Chauhan, 2006).
The Sundarbans offer special benefits to the local and national economies in addition to their
ecological significance. Because of the Sundarbans' ecosystem services, people rely on this
forest to manage their way of life. Heritiera fomes, Nypa fruticans, Ceriops decandra,
Rhizophora mucronata, Sonneratia apetala, Xylocarpus mekongensis, Excoecaria agallocha,
Avicennia ofcinalis, Amoora cucullata, and Xylocarpus granatum are among the economically
useful plants found in the forest (Chaffey et al., 1985). Additionally, the Sundarbans are home
to 873 species of invertebrates and more than 177 kinds of fish. The primary sources of revenue
in this area include fishing, shrimp and crab farming, honey and wax gathering, wood and non-
wood goods, and tourism (Islam & Islam, 2011). The Sundarbans have long been a focus for
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resource exploitation due to its great potential for ecological services and socioeconomic
benefits. Additionally, overfishing, land reclamation, shrimp and crab farming, deforestation,
and other resource extraction practices are causing environmental disturbances to the forest
(Chowdhury & Maiti, 2016).

In addition, the Sundarbans' geographic location makes it extremely susceptible to
natural calamities like cyclones, coastal floods, salinization, etc. One frequent natural disaster
that frequently affects the surrounding area is a cyclone. There have been a few significant
cyclones in these regions over the past few decades. The important ones include Sidr (2007),
Aila (2009), Fani and Bulbul (2019), Amphan (2020), Yaas (2021), Sitrang (2022), and Remal
(2024) (Ghosh & Mistri, 2023). The most recent of these was Remal, which happened on May
26, 2024. At 8:30 p.m. on May 26, Cyclone Remal made landfall on the coasts of West Bengal,
India, and the southwest coast of Bangladesh. With strong storm surges, high tide, and
exceptionally heavy rainfall, the maximum wind speed was between 111 and 120 km/h (IFRC,
2024a). According to the Department of Disaster Management (DDM) of the Ministry of
Disaster Management and Relief (MoDMR), Cyclone Remal affected about 4.6 million people
in 19 districts and killed 16 people in seven districts. About 807,023 people were evacuated to
9,424 shelters spread over 19 districts (IFRC, 2024b). The purpose of this study was to assess
the immediate effects of Remal on the land usage and land cover of the Sundarbans. To
determine the alterations, the landscape circumstances before and after the cyclone will be
evaluated utilizing remote sensing and GIS technologies.

2. Materials and Methods
2.1 Study area

The study's primary emphasis was the Sundarbans mangrove forest in Bangladesh. Six upazilas
that encompass Bangladesh's Sundarbans region are located in the country's southwest. These
include Shyamnagar in the Satkhira district, Mongla, Morelganj, and Sharankhola in the
Bagerhat district, and Dacope and Koyra in the Khulna district. These upazilas are all part of
the Khulna division. The study region is between 22.2865° N, 88.9927° E and 22.5013° N,
89.9701° E, and between 22.6511° N, 89.4812° E and 21.6525° N, 89.2116° E. 11,955.814
sq.km of landscapes make up the entire research area.
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Fig. 1. Map of study area showing A) division boundary of Bangladesh, B) Khulna, Bagerhat,
and Satkhira districts covering the Sundarbans, and C) area of interest with upazila boundary

2.2 Methodology

The study employed satellite imagery to assess the vegetation and landscape. The better
resolution (10 m) of Sentinel-2 imagery led to its selection (ESA, 2015). The vegetation types
and land use/cover were identified using the NDVI and supervised classification. The activities
were carried out using QGIS 3.22 and Google Earth Engine (GEE). Since Cyclone Remal
occurred on May 26, 2024, the earlier evaluation of the disaster covered the period from March
1 to May 20, 2024, and the post-disaster assessment covered the period from June 1 to October
10, 2024. Pre-disaster and post-disaster condition assessments were based on a total of 24 and
5 data sets (Cloud Coverage of <10%), respectively. Due to the limited time frame and the
ongoing rainy season in Bangladesh, which makes it impossible to get cloudless satellite data,
there were fewer satellite photos in the second section. In contrast, Sentinel 2 takes pictures
between 10.30 and 10.35 AM, which coincides with the Sundarbans' low tide. The bias caused
by the tidal influence is prevented because all of the photos are taken at the same time and
under the same tidal conditions. Less than 20% of the data sets are cloud-covered. Table 1
provides information regarding the Sentinel 2B data set, whereas Table 2 provides the precise
date of the data sets used.
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Table 1. Sentinel 2B data specification and band combination (European Space Agency, 2015)

Used Sensor Band Sentinel-2B Resolution
Band Central wavelength ~ Bandwidth (meters)
(nm) (nm)

Blue MSI 2 492.1 65 10

Green 3 559 35 10

Red 4 665 30 10

Vegetation 5 703.8 15 20

Red Edge

Vegetation 6 739.1 15 20

Red Edge

Vegetation 7 779.7 20 20

Red Edge

NIR 8 833 115 10

SWIR- 11 1376.9 30 60

Cirrus

SWIR 12 16104 90 20

Table 2. Sentinel 2B data used in this study
Event (26 May, 2024)
Before Disaster After Disaster
(From 01/03/2024 to 20/05/2024) (From 01/06/2024 to 10/10/2024)
01/03/2024; 06/03/2024; 09/03/2024; 11/03/2024; 04/06/2024
16/03/2024; 21/03/2024; 24/03/2024; 26/03/2024; 07/09/2024
31/03/2024 17/09/2024

05/04/2024; 10/04/2024; 13/04/2024; 15/04/2025; 20/09/2024
18/04/2024; 20/04/2024; 23/04/2024; 25/04/2024; 22/09/2024

28/04/2024; 30/04/2024
03/05/2024; 05/05/2024; 10/05/2024; 15/05/2024;
18/05/2024;

2.2.1 Satellite data pre-processing

The region of interest was chosen by uploading the research area's shape file as an asset in
order to carry out the required activities in GEE. Next, Sentinel 2B data sets were gathered
from the GEE image collection using a filter based on the maximum cloud coverage, region,
and date range. The 'MSK_ CLDPRB' band was then used for cloud masking (Mueller-Wilm et
al., 2016; You et al., 2023; Luo et al., 2024). The cloud masking function was then applied to
every time series image that had been gathered.

2.2.2 Normalized Difference Vegetation Index (NDVI)-based detection

A prominent method for assessing the quantity and health of vegetation in a region is the
Normalized Difference Vegetation Index (NDVI). Since healthy vegetation strongly reflects

4
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near-infrared (NIR) light while plants absorb red light for photosynthesis, it compares the
reflectance of the two spectrums. The "addNDVI" function was utilized to compute the
normalized difference vegetation index (NDVI) from the cloud-free processed images.
Equation 1 was used to calculate the NDVI (Goward et al., 1991; Pettorelli, 2013).

NIR-Red

NDVI=2EBE (1)

NIR+Red

Where, NIR = Near-infrared band (R8 band); Red = Red band (R4 Band)

The NDVI has a range of -1 to +1. Water, bogs, and murky water canals typically have
a low reflection. Because of this, the NDVI value in these places is negative; in contrast, built-
up areas have a range of NDVI values near zero. Because of the strong reflection, the vegetative
region has a higher NDVI value. Table 3 provides the ranges to identify vegetation and other
land use types based on the NDVI values study (Alphan & Derse, 2013; Gandhi et al., 2015;
Myeong et al., 2006). The NDVI maps were visualized using QGIS.

Table 3. Land type and its corresponding NDVI Values

Land use type NDVI value range
Water -1 t0 -0.0001
Built-up and barren land 0 to 0.180
Partially grown vegetation 0.181 to 0.340
Well-grown vegetation 0.341to 1

2.2.3 Land Use and Land Cover (LULC) classification

For further evaluation, a supervised classification was done for each section of time series data
sets. Supervised classification is the process of giving a class value to a group of grid cells
based on the values of other grid cells that are comparable and have already been identified as
typical of a class or group. It is done in a raster GIS database (Abburu & Golla, 2015). This
means the user sets a group of classes by selecting some sample data and by the machine
learning process, similar data is categorized into all the designated classes (Di Nunzio &
Sordoni, 2014). A prepared sentinel map was projected and shown over the study region
following the completion of the previously stated first data preparation. To identify the various
types of land use within the research area, NDVI, NDWI (Normalize Difference Water Index),
NDBI (Normalize Difference Builtup Index), BUI (Builtup Index), and IBI (Indexed Builtup
Index) analyses were conducted. Next, based on the values of the indices, a number of points
of interest were selected for five distinct classes. Table 4 lists the specific values obtained for
each class. Water bodies, populated areas, mudflats, sparse vegetation, and dense vegetation
were the classes. The classification method was then carried out by combining all of the classes
into a single training data set. The before and after Remal scenarios received a total of 356 and
372 points, respectively. The study area was categorized using a "Random Forest" classifier.
Each tree in this tree-based classifier casts a unit vote for the most popular class in order to
classify an input vector (Belgiu & Dragui, 2016; Pal, 2005; Parmar et al., 2019). There were

5
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fifty trees, one mean leaf population, and a half bag fraction. Following the classification, QGIS
3.22 was used to view the categorized map after it had been exported as a TIFF file.

Table 4. Land types and their descriptions.

LULC class Indices Range Description
Dense Vegetation NDVI >0.34 Healthy vegetation with high chlorophyll
quantity

Sparse Vegetation NDVI 0.18t0 0.34 Vegetation with low chlorophyll quantity
Water body NDWI >0.00 River, estuary, waterlogged areas, ocean.
Built-up areas EBBI (-)0.11 t0 0.10  Buildings, roads, and modified open

IBI ~0.10 barren areas

NDVI 0.00 to 0.18
Mudflats EBBI >0.10 A stretch of muddy land

BUI 0.00 t0 0.10 left uncovered at low tide

Note: EBBI-Enhanced Built-up and Barrenness Index; IBI-Index of Biological Integrity; BUI-Buildup index

2.2.4 Accuracy assessment

To test the accuracy of the classified images, five more classes were created corresponding to
the previous ones. These were used as validation data against the classified images. In the
process of accuracy assessment confusion matrix was created using the ‘error matrix’ function,
where it compared the actual validated values (class) with the predicted values (classification)
(Das et al., 2022). For the pre-disaster operation, 300 random points were selected, and for the
post-disaster operation, 290 random points were selected using the multiple ROI creation
function on QGIS. The acquired value of these parameters of the pre-disaster and post-disaster
scenarios has been given in Table 5.

Table 5. Accuracy assessment result of the classified map of the pre-disaster scenario.

Metric Value (pre-disaster) Value (post-disaster)

Producers Accuracy Class 1 1 1
Producers Accuracy Class 2 0.944444 0.53125
Producers Accuracy Class 3 0.125 0.75
Producers Accuracy Class 4 0.69697 0.73913
Producers Accuracy Class 5 0.918919 0.944444
Users Accuracy Class 1 0.909091 0.878049
Users Accuracy Class 2 0.73913 0.809524
Users Accuracy Class 3 0.333333 0.375
Users Accuracy Class 4 0.884615 0.772727
Users Accuracy Class 5 0.944444 0.971429
Overall Accuracy 0.854167 0.854167
Kappa Coefficient 0.809692 0.809692
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3. Results and Discussion
3.1 Spatial distribution of NDVI

There were minor variations across the water bodies in the two scenarios based on the NDVI
assessment. Before the occurrence of the disaster, a total of 1961.044 sg.km of land was used
as a body of water, whereas after the disaster, it spanned nearly 1952.23 sq.km. The data shows
that the area of partially established vegetation has shrunk from 1741.88 sg.km to 534.34
sg.km. On the other hand, there was a noticeable rise in the quantity of healthy vegetation. It
changed from 2182.67 sg.km to 3439.366 sg.km (Fig. 2).

e po e BOvE 200 sa00E

I
27200

Kilometers on : Kilometers
25 25

1 I 1
9200 o 400E 09200 9400

Fig. 2. The spatial distribution of the NDVI in A) Pre-disaster and B) Post-disaster situations
along the study area.

3.2 Assessment of LULC classification

The LULC assessment shows the variations in the pre-disaster and post-disaster scenarios
along the study sites. The Fig. 3 shows the categorized images, while Table 6 provide the
classification reports. Following the disaster, the area of the water body increased in both NDVI
and LULC classes assessment. This suggests that the cyclone caused waterlogging in the
coastal districts. On the other hand, following the event, the number of built-up areas decreased.
This demonstrates that there was waterlogging in the area where people reside. Similar
information may be found in the news, where it was stated that during Cyclone Remal, the
Sundarbans coastal region was submerged under ten feet of water (Somoy National Desk,
2024). This could pose a serious risk to the locals because the water is primarily brine or
saltwater (Burman et al., 2013). The waterlogging and salinization would pose a serious threat
to agricultural activities (Song et al., 2017; Zhao et al., 2019). The source of freshwater is



Journal of Remote Sensing and Environment, Vol 5, 2026

another critical issue during this event. Also, social unrest and economic disruption may result
from these issues. Additionally, excessive salinization may cause ecological disruption (Assiya
et al., 2020; Gaybullaev et al., 2012).

However, this study reports an increase in well-grown vegetation in both NDVI and
supervised categorization, which may be the result of less human disturbance and a significant
dose of nutrients to the offshore due to the cyclone. There was a noticeable decrease in the area
of mudflats and sparse vegetation, indicating that healthy vegetation currently covers these
areas. The forest ecology may experience more chain reactions as a result of this alteration.
According to Cannicci et al. (2008), Lobon-Cervia et al. (2015), and Rasquinha et al. (2021),

this could improve the ecological balance among the species.

[Islam and Rahman, 2026]
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Fig. 3. LULC map of A) Pre-disaster and B) Post-disaster situations along the study area

Table 6. Percentage of LULC classes of the pre-disaster situation

Pre-disaster

Post-disaster

Class Area (Sq.km) Percentage % Area (Sq.km) Percentage %
Dense 1030.20 14.65 3162.76 44.06
vegetation
Sparse 4405.41 51.1 2364.62 22.28
vegetation
Waterbody 2697.05 30.37 2809.46 31.77
Mudflats 201.88 2.39 40.07 0.56
Built-up area 159.17 1.49 116.76 1.32
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4. Conclusions

This study assesses the impact of Cyclone Remal, which occurred on May 26, 2024, along the
Sundarbans in Bangladesh, utilizing the NDVI and LULC-based classification. Waterlogging
situation has been observed in populated areas, which has ultimately impacted on the local
inhabitants along the coast of Bangladesh. Besides, a noticeable shift from sparse vegetation to
mudflats and healthy vegetation, which suggested that the forest ecosystem had improved. It is
necessary to make informed plans to preserve the Sundarbans ecosystem and sustainably utilize
its resources. The Sundarbans are mostly threatened by humans who make their living and
engage in different illicit activities within the forest, rather than by the natural environment. To
avoid social and ecological upheaval in this region, the government can consider the evidence-
based strategies more comprehensively.
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A fishery resource inventory is helpful for planning, management, and
development of fisheries resources in any region. Therefore, this study has been
conducted to identify different types of waterbodies and to delineate fisheries
resources in the south-western part of Bangladesh (Rupsha Upazila, Khulna
District), which plays a crucial role in providing the country’s fish production. In
this study, Very High Spatial Resolution (VHSR) satellite data of WorldView-3
were used to identify different types of water bodies and map the extent of those
water bodies, using the on-screen digitization techniques. A total of seven
different types of waterbodies (river, canal, beel, low-lying area, fish farm, pond,
and others) were identified, grouped into open (1,240 ha) and closed (4,198ha)
waterbodies. The open waterbody includes river, canal, beel, and low-lying area,
which covers 491 ha, 160 ha, 564 ha, and 24 ha, respectively. On the other hand,
the closed waterbodies cover fish farms, ponds, and others, which occupy 3,997
ha, 84 ha, and 118 ha, respectively. After the post-classification, the Kappa
coefficient as well as overall accuracy are 0.92 and 95.80%, respectively.
Regardless of the digitization techniques employed, this study presents a baseline
database of waterbodies in the study area, which will be highly beneficial for
planning optimal fisheries resource production and management in the south-
western region of Bangladesh and/or in the region of similar interest.

1. Introduction

Water coverage on the land surface is a crucial part of the water cycle, and mapping
waterbodies using satellite imagery is highly suitable for conducting surveys in remote areas.
Surface water on Earth is used for transportation, irrigation, fishing, and other human activities.
Human intervention can alter water levels on the Earth’s surface (Li et al., 2015). Monitoring
waterbodies plays a vital role in the sustainable use of water resources. Remote sensing is a
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technique that uses scalable data, enables convenient data acquisition, and precisely monitors
and maps large-scale surface water features (Ji et al., 2022). For this purpose, remote sensing
is an excellent tool for surface water management, as it can identify and map surface
waterbodies, and has been used for the identification and mapping of water coverage for several
decades (Bijeesh & Narasimhamurthy, 2020; Deoli et al., 2021). Remote sensing techniques
are significant for providing real-time data and rapid access to land surface information, making
them a reliable method for monitoring surface waterbodies (Chen et al., 2004). To produce
thematic maps of land use or highlight waterbodies, various satellite data have been employed
to capture spatial, temporal, and spectral variations (Deoli et al., 2021). Remote sensing
imagery obtained from satellite or airborne platforms contains valuable information that is
highly convenient for mapping preparation through image processing and analysis (Bijeesh &
Narasimhamurthy, 2020). Although substantial efforts have been made to identify and
delineate water bodies using remote sensing techniques, challenges persist due to the landscape
complexity of the study area, data selection, and classification approaches (Deoli et al., 2021).

Additionally, numerous techniques have been applied to extract features from satellite
imagery (Masser, 2001; Peng et al., 2018). McFeeters (1996) proposed the Normalized
Difference Water Index (NDWI), based on the spectral characteristics of waterbodies, to
differentiate surface water from vegetation. Different water indices, including the Water Ration
Index (WRI), Normalized Difference Water Index (NDWI), Modified Normalized Difference
Water Index (MNDWI1), and Automated Water Extraction Index (AWEI), are commonly used
for mapping natural waterbodies (Jiang et al., 2014). Different approaches have been widely
utilized to delineate water bodies from satellite sensor data. These include semi-automated or
automated classification techniques and on-screen digitization. The automated approaches
cover different spectral indices, like NDWI, MNDW!I, and machine learning classifiers, which
are convenient for larger-scale mapping of water resources; however, it is challenging for water
area extraction while high-resolution satellite sensor data is used for mixed pixel and complex
boundary conditions (McFeeters, 1996; Xu, 2006; Feyisa et al., 2013). Each application method
has its own merits and demerits (Subramaniam et al., 2011; Li et al., 2015). In contrast, visual
interpretation and on-screen digitization using digital satellite data are considered reliable
because they utilize spectral and other contextual information for image interpretation, as well
as the accuracy of high-resolution imagery, which is used as a reference tool (Ozesmi & Bauer,
2002). Based on the complexity of the study area, the on-screen digitization method was
selected for accurate water coverage area calculation.

Inventorying waterbodies is a challenging task due to their small sizes, irregular shapes,
and the limited availability of high-resolution satellite data. Several factors affect the accuracy
of waterbody mapping, including low-albedo surfaces, the physical structure of waterbodies,
and the chemical composition of water (Jakovljevi¢ et al., 2019). In urban areas, it is difficult
to identify water coverage in small waterbodies with complex geographical structures. This
complexity often results in mixed pixels, which can confuse image interpreters (Lu et al., 2011;
Donchyts et al., 2016). Moreover, discrepancies have been observed when comparing remotely
sensed data with ground-truth information from the study area (Deoli et al., 2021). Rupsha
Upazila under Khulna District is located at the south-western corner of Bangladesh, and it
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consists of both open-water and closed-water bodies. This area has high potential and
contributes a large amount of fish production from both capture and culture fisheries. However,
there is no class-wise digital database or map of fisheries resources in this area to support
effective management. Therefore, special emphasis was placed on developing a fisheries
resource inventory for the study area to facilitate proper management. This study is based on
the following hypothesis: remote sensing techniques supplemented by in situ observations can
effectively estimate and map water bodies for fisheries resources. Any differences, if exists,
between the estimated area and the extent of the water body (measured from remote sensing
information supplemented by in-situ measurements) that are significantly greater would have
been expected through the sampling errors alone. This study utilized high-resolution satellite
data to identify different types of waterbodies, create a digital database of water coverage, and
map various waterbodies in the study area.

2. Materials and Methods
2.1 Study area

Considering the significance of fisheries resources, richness of floral and faunal biodiversity,
the Rupsha Upazila of Khulna District, Bangladesh, was selected as the study area, which lies
between 22°43'N to 22°52'N and 89°33'E to 89°41'E, covering a total area of 120 square
kilometers (Fig. 1). This area, containing both open and closed water resources, plays a vital
role in breeding, feeding, and nursery grounds for many freshwaters as well as coastal aquatic
species, with the blessing of active tidal action.
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Fig. 1. Map of the study area showing the area of interest along with country boundary
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2.2 Data used

For this study, high-resolution satellite data (WorldView-3 owned by Maxar Technologies,
Table 1) acquired on 24" January 2022 and 22" February 2022, along with field observation
data, were used. Multispectral band combinations were used for image interpretation and water
body delineation, with bands 6, 5, and 4 selected to enhance visual discrimination.

Table 1. The detailed specification of the satellite data used

Satellite  Acquisition Spectral Band name  Spectral band GSD
data date range (Ground
Sample
Distance)
WorldView- 24/01/2022 Panchromatic 450 — 800 nm Nadir: 0.31
3(0.31m)  22/02/2022 Band (1) m, 20° off-
nadir: 0.34 m
Multispectral Coastal Blue 400 —-450 nm  Nadir: 1.24
Bands (MS) Blue 450 — 510 nm m, 20° off-
8 dir: 1.38
® Green 510 — 580 nm nadir m
Yellow 585 - 625 nm
Red 630 — 690 nm

Red Edge 705 — 745 nm
Near-IR1 770 — 895 nm
Near-1R2 860 — 1040 nm

Sentinel 2 01/11/2022 Multispectral Blue 490 nm 10 m
30/11/2022  Bands (MS) Green 560 nm
(Median
composite) Red 665 nm
2.3 Methods

2.3.1 Satellite data processing

Very high-resolution multispectral satellite imagery acquired from WorldView-3 (WV-3) with
panchromatic resolution of 0.31 m and multispectral (8 bands) of 1.24 m data at nadir was used.
The imagery was preprocessed and orthorectified Level-2A products that were suitable for
direct mapping applications. Radiometric and geometric corrections had been performed by
the data provider before delivery. Geometric accuracy was checked with other available geo-
referenced images and found that it was adequate for further processing and mapping activity.
Separate image swaths corresponding to different parts of the study area were integrated
through mosaicking to create a unified dataset representing the complete study area. The final
mosaic image was subsequently used as the base layer for feature delineation and digitization.
Sentinel 2 multispectral imagery of the European Space Agency (ESA) with 10 m spatial
resolution and median value was used for better understanding during image interpretation. All
imagery was maintained in the Universal Transverse Mercator (UTM 45N) projection
referenced to the WGS-84 datum to ensure spatial consistency throughout the analysis. All the
analyses were performed using ArcMap 10.8 software.
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2.3.2 Digitization of different features

The multi-spectral (Bands 6, 5, and 4 in RGB) and panchromatic WV-3 image was displayed
on the computer screen one on top of another. Water bodies appeared in dark blue color and
dark tone while displayed on multispectral and panchromatic satellite images, respectively. An
independent interpreter identified water bodies on the computer screen, and on-screen manual
digitization was conducted to delineate different types of water bodies from the processed high-
resolution mosaic image. Different features were digitized at a fixed on-screen scale of 1:1000
ratio to establish high positional accuracy and consistency. Water body boundaries were
manually traced using polygon geometry in ArcMap 10.8 software. The high spatial resolution
(0.31 m) aided easy identification of waterbody edges. Water bodies were identified based on
the spectral characteristics (bands 6, 5, and 4 in RGB). Another inspection was done on the
digitized Geographic Information System (GIS) layer on top of the multispectral and
panchromatic satellite image, corrected digitization errors, and ensured spatial consistency. The
finalized vector layers were exported to delineate different water bodies, and statistical
geometric calculation was performed to prepare an area coverage database. The details of the
methods have been outlined in Fig. 2.

Satellite data

_,[ Image Mosaic ]\ 4—[ Sentinel 2 ]

Image
Interpretation

Accuracy ; On-screen
Map Preparation Digitization

(WorldView-3)

Field Validation}

Fish farm River

Fig. 2. Methodological workflow and different waterbodies during on-screen digitization

2.3.3 Accuracy assessment

Stratified random sampling was used for the accuracy assessment. The total area of each
stratum (or mapping unit) was calculated, and sampling points were randomly distributed in

17



Journal of Remote Sensing and Environment, Vol 5, 2026 [Rahman-Al-Mamun et al., 2026]

proportion to their areal extent. Features of those sampling points were validated through
Google Earth Explorer and Cohen’s Kappa coefficient. The kappa is calculated following the
methods of Cohen (1960). The distribution of sampling points across different land cover
features is presented in Table 2. Besides, the field validation was conducted through ground-
truth visits, where the Global Positioning System-based location information and relevant
photographs of different features were collected during the field campaign.

P, = Overall Accuracy

Ri X Ci
P, = NZ

P~ P,
)
Table 2. Distribution of sampling points across different land cover features
Feature name Area (ha scale) Points taken
River 491 25
Canal 160 8
Beel 564 30
Low Lying Area 24 3
Fish farm 3997 200
Pond 84 10
Others 118 10
3. Results

Considering the objectives of this study, a total of seven water bodies (open and closed) have
been identified and described in the following sections. Among them, four types were classified
as open waterbodies, while the remaining three were categorized as closed waterbodies.

3.1 Open water body

Four types of open water bodies were identified in the study area, including rivers, canals,
beels, and low-lying areas, covering 1,240 hectares and accounting for 22.8% of the total
fisheries habitats in Rupsha Upazila (Fig. 3). The three major rivers (Bhairab, Rupsha, and
Atharobanki) are traversing in this region, which play a crucial role in fisheries resource
management in the south-western region of Bangladesh. Besides, numerous canals were
observed, covering an area of 160 hectares and accounting for 12.9% of the total open water
bodies. These canals are directly or indirectly connected to the rivers and serve multiple
functions, including the drainage of household wastewater, rainfall runoff, and the transport of
hydro-sediment through active tidal action. This tidal influence enhances the ecological
functions of these water bodies by providing feeding, breeding, and nursery grounds for a
variety of coastal flora and fauna. The smallest share of open water bodies is occupied by low-
lying areas, covering 24 hectares and contributing 2% of the total open water bodies. These
areas are relatively depressed and retain water for six to nine months of the year.
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Fig. 3. Map of open water fisheries habitats in Rupsha Upazila

3.2 Closed water body

In this study, three types of closed water bodies were identified, including fish farms, ponds,
and others. These closed water bodies cover a total of 4,198 hectares, accounting for 77.2% of
the total fisheries habitats in the study area (Fig. 4). Among them, fish farms occupy the largest
area (3,996 ha), contributing 95.2% of the total closed water fisheries habitats. A significant
number of ponds were recorded, covering 83.96 hectares (2%). These ponds are mostly located
near settlements, where extensive fish culture practices were observed. Another category of
closed water bodies, referred to as "others" in this study, was found mostly along riverbanks
and near brickfield areas, often connected to nearby rivers. This category covers 118 hectares,
representing 2.8% of the closed water fisheries habitats. These water bodies are generally not
used for fish production. Instead, they serve as a source of soil for brick manufacturing. Due to
tidal action, sediment accumulates in these ponds, and the excavated soil is used as raw material
for the brickfields, offering more economic value than aquaculture in those areas. Additionally,
a pond-like reservoir was identified through ground truthing, which is actually a Khulna WASA
reservoir tank used for water purification through different treatment processes. Both the
brickfield-connected ponds and the WASA reservoir have been categorized as "others" fisheries
resources during on-screen digitization. Both categories of water bodies (open and closed)
constitute the total fisheries resources of Rupsha Upazila in Khulna District, covering an area
of 5,438 hectares (Fig. 5). The fisheries resources database generated from this study is
presented in Table 3.
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Fig. 4. Map of closed water fisheries habitats in Rupsha Upazila

3.3 Fisheries resource

A total of seven distinct types of waterbodies, covering an area of 5,438 hectares, were
identified within the study area (Table 3). The northeastern region of Rupsha Upazila holds the
majority of its fisheries resources, particularly in the form of fish farms and beel areas. Within
the study area, the extent of closed water fisheries resources is more than three times greater
than that of open water bodies (Fig. 5), which indicates substantial potential for the expansion
and development of the aquaculture practices.

Table 3. Fisheries resource database obtained from the study

Category of the waterbody Name of the waterbody Area (ha)

Open water body (1,240 ha) River 491
Canal 160

Beel 564

Low Lying Area 24

Closed water body (4,198 ha) Fish Farm 3,996
Pond 84

Others 118

Total 5,438
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3.4 Accuracy assessment of digitized features

The overall classification accuracy achieved in this study was 95.80%. Except for fish farm
and beel, all other water body classes attained both producer’s and user’s accuracies of 100%.
For the fish farm, the producer’s and user’s accuracies were 96.50% and 83.33%, respectively,
while for beel, the corresponding values were 97.47% and 100%. The overall reliability of the
classification is further supported by a Kappa coefficient of 0.9154, indicating a strong level of
agreement (Table 4). Besides, repeated field investigations (Fig. 6) have been conducted along
the study sites during the study period, which makes the study more meaningful, particularly

the fisheries resource mapping.

Table 4. Accuracy of digitized features

Classes Producer Accuracy (Per Class) User Accuracy (Per Class)

Canal 100.00% 100.00%

Fish Farm 96.50% 97.47%

Low Lying Area 100.00% 100.00%

Others 100.00% 100.00%

Pond 100.00% 100.00%

River 100.00% 100.00%

Beel 83.33% 100.00%

Overall Accuracy 95.80%

Kappa 0.9154
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Fish Farm

4

Fig. 6. Field photographs of different features have been collected by the authors during the
field campaign on 25 May 2024

4. Discussion

The study identified seven different types of water bodies, with fish farms covering a
substantial area. In this study, all types of water resources were identified, and a comprehensive
digital database of water bodies was prepared. Using this approach, all boundaries were
delineated precisely, resulting in higher accuracy compared to different studies. The use of very
high-resolution satellite imagery in this study enabled the identification of all categories of
water resources of the study sites. The similar study of Jakovljevi¢ et. al. (2019) mapped water
bodies using different classification techniques and achieved a Kappa coefficient of 0.89, which
i1s comparable to the result of the present study. The overall accuracy and kappa coefficient of
the analyses are closely comparable to the other relevant studies (Ji et. al., 2022). Besides, the
result is closely consistent with Tymkow et. al. (2019), where the Kappa coefficient was 0.91
and water bodies were identified using several approaches, including supervised classification,
thresholding, and image transformation. However, the findings of our study for accuracy and
kappa coefficient show a moderate deviation (79%) from Hernandez-Suarez et al. (2022).
Notably, all types of water body identification for fisheries resources using high-resolution
satellite sensor data have not previously been considered for this specific area or elsewhere in
Bangladesh.

The study used high-resolution WorldView-3 imagery (0.3 m spatial resolution) and
subsequently validated it using updated Google Earth data. Due to the dynamic nature of land-
use and land-cover patterns, particularly within beel and fish farm categories in Rupsha
Upazila, the changes over three years interval resulted in minor discrepancies. The main
constraints of on-screen digitization are that it is time-consuming and labor-intensive, making
it difficult to produce frequently updated digital water body databases for the study area.
Additionally, this method relies heavily on image quality and acquisition conditions. Another
limitation is that wet soil may appear spectrally similar to water in optical imagery, which can
create uncertainty in the accuracy of delineating water body boundaries.

Accurate information on the quantity, spatial extent, and distribution of water bodies is
essential for effective planning and sustainable management of fisheries resources, which in
Bangladesh are administered by the Department of Fisheries (DoF). The developed map and
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geospatial database provide a robust foundation for precise estimation of water body areas,
which is critical for water-body-based planning, assessment of current production, and
evaluation of fisheries resource productivity. Furthermore, accurate delineation of water body
areas is required for optimal site selection for aquaculture development, demonstration and
exhibition plots, open-water stocking programs, and the determination of appropriate culture
tenure and technologies. The generated spatial dataset also enables reliable estimation of
fisheries production in relation to water body size and spatial extent, thereby enhancing
fisheries management efficiency at the regional scale. In addition, the map and database
facilitate the identification and quantification of perennial water bodies during the dry season,
which is crucial for establishing fish sanctuaries and for assessing sustainability and livelihood
support for local fishing communities within the study area.

5. Conclusions

This study successfully identified and classified the various types of fisheries habitats in
Rupsha Upazila of Khulna District, providing a baseline database that can significantly
contribute to effective and sustainable fisheries management. Here, two broad categories of
water bodies, namely open and closed water bodies, exist. Four types of open water bodies
(rivers, canals, beels, and low-lying areas) and three types of closed water bodies (fish farms,
ponds, and others) cover 1,240 hectares (22.8%) and 4,198 hectares (77.2%), respectively, of
the total fisheries habitats found in the study area. The total extent of the waterbodies was 5438
ha, which accounted for 45.32% of the total area of the upazila. The findings highlight the
considerable potential for improving fish production through informed planning and resource
utilization. As no comprehensive database previously existed for this area, the generated dataset
fills a critical gap in local fisheries resource management. To maintain accuracy and relevance,
it is recommended that the database be updated at five-year intervals to reflect changes in
resource distribution and usage.
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Rapid and unplanned urbanization in the Dhaka city area has significantly
accelerated the expansion of impervious surfaces, altering the hydrological
balance, intensifying surface runoff, and increasing environmental vulnerability.
Therefore, the accurate mapping of impervious surfaces is crucial for evaluating
urban growth patterns and designing sustainable, climate-resilient infrastructure.
Hence, this study assesses the current impervious-surface landscape and evaluates
the performance compatibility of manual digitization and machine-learning-based
supervised classification techniques for mapping impervious surfaces across the
Dhaka Metropolitan Area (DMPA) using geospatial techniques. Here, the manual
digitization estimated the total impervious coverage at 138.08 km2 (46.23%), while
the machine learning (ML)-based supervised classification produced 155.68 km?
(52.12%), revealing a 5.89% overestimation, primarily due to mixed-pixel effects
at a 30 m spatial resolution. The classification achieved an overall accuracy of
88.4% and a Kappa coefficient (k) of 0.84, indicating strong agreement with
reference data. The results depict that the most urbanized areas, such as Lalbagh,
Sutrapur, Kotwali, and Dhanmondi, exhibited the highest imperviousness. In
contrast, planned or peripheral areas, such as Gulshan, Uttara, and Pallabi, retained
larger pervious zones due to structured development and better land-use planning.
The impervious coverage of Dhaka city far exceeds the ecological sustainability
threshold (10%), signifying a critical hydrological imbalance and increased heat
risks. The findings affirm that the MLC method is a reliable, scalable tool for urban
surface analysis when complemented with high-resolution validation data. This
study highlights the urgent need for prioritizing the restoration of green—blue
infrastructure, the expansion of pervious surfaces, and the integration of a remote-
sensing-based monitoring system to mitigate the escalating environmental
pressures of rapid urban growth.

1. Introduction

Urbanization represents one of the most profound anthropogenic transformations of the Earth’s
surface, reshaping land cover, hydrological processes, and ecosystem dynamics at multiple
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spatial scales (Soufiane et al., 2025; Sonet et al., 2025). Among the various indicators of urban
expansion, impervious surfaces, including roads, buildings, pavements, and other sealed
structures, serve as a key proxy for understanding the extent and intensity of urban growth (Li
et al., 2023). These surfaces inhibit natural infiltration, increase surface runoff, reduce
evapotranspiration, and alter both local and regional hydrological balances (Xu et al., 2025;
Soufiane et al., 2025). Consequently, mapping impervious surfaces accurately is fundamental
for assessing urban hydrology, flood susceptibility, and land-surface thermal behavior, as well
as for designing climate-resilient urban infrastructure (Chen et al., 2020; Su et al., 2022). The
ecological consequences of increasing imperviousness are well established. Numerous studies
have demonstrated that when impervious cover exceeds approximately 10% of a watershed,
significant degradation in stream health, water quality, and habitat diversity occurs (Sohn et al.,
2020; Zhang et al., 2022). Beyond the 30% threshold, urban watersheds typically experience
chronic flooding, thermal stress, and groundwater depletion (Sun et al., 2019; Faisal et al.,
2021). In this context, the quantitative and spatial assessment of impervious surfaces provides
a diagnostic basis for sustainable drainage planning and for setting local ecological benchmarks
(Rentachintala et al., 2022; Sonet et al., 2025).

Over the past two decades, remote sensing has emerged as an indispensable tool for
detecting and quantifying impervious surfaces, benefiting from advances in spectral resolution,
data accessibility, and computational algorithms (Wu & Pan, 2023; Mondal et al., 2025). Early
studies primarily relied on pixel-based classification using medium-resolution sensors such as
Landsat MSS, TM, and ETM+ (Stern et al., 2022), while contemporary approaches
increasingly employ machine-learning classifiers, object-oriented analysis, and data fusion
techniques to enhance classification accuracy and spatial precision (Shao et al., 2022). Among
these, the Maximum Likelihood Classifier (MLC) remains a widely used and computationally
efficient algorithm for land-cover discrimination, particularly in resource-limited contexts (Li
et al., 2024). Although the MLC performance can be constrained by mixed pixels and class
overlaps in heterogeneous urban areas, its integration with manual reference data often
produces reliable results for metropolitan-scale analysis (Li et al., 2023).

Despite growing global research, South Asian megacities such as Dhaka remain
underrepresented in impervious surface studies. Dhaka, one of the world’s fastest-growing and
most densely populated cities, has undergone rapid urban expansion over the past four decades.
The city’s built-up area increased from only 11.6 km? in 1989 to over 118 km? in 2014, with
projections surpassing 170 km? by 2030 (Faridatul et al., 2019; Kulsum and Moniruzzaman,
2022; Ahmad et al., 2024). This transformation, largely unplanned, has replaced wetlands,
floodplains, and agricultural land with concrete-dominated surfaces, leading to severe drainage
congestion, elevated surface temperatures, and frequent urban flooding (Faisal et al., 2021).
Several studies have been systematically conducted on urban growth and its impact using high-
resolution imagery with machine-learning classification from medium-resolution satellite data
to evaluate the accuracy, limitations, and spatial implications of Dhaka’s highly heterogeneous
landscape (Abbasi et al., 2022; Bashar & Uddin, 2025). However, none of them compared those
machine learning methods based on satellite images with ground truth, i.e., manually collected
real-world data.
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Addressing these gaps, the present study compares manual digitization and MLC-based
supervised classification using Landsat 8 Operational Land Imager (OLI) imagery to map
impervious surfaces across the Dhaka Metropolitan Area (DMPA). By integrating manual high-
resolution interpretation with machine-learning-based classification, this research offers a
validated methodological framework for urban surface mapping in complex megacities. The
findings aim to contribute to data-driven hydrological modeling, urban heat mitigation, and
green—blue infrastructure planning in Dhaka and other urban regions in South Asia. The
objectives of this study are to quantify the extent of impervious surfaces across the city areas,
to evaluate the spatial distribution of imperviousness against ecological thresholds, and to
assess the accuracy of the MLC approach relative to manually referenced real data.

2. Materials and methods
2.1 Study area

The study focuses on the DMPA, which represents the core urban area of Dhaka, the capital
and economic center of Bangladesh. Geographically located between 23°40'N-23°54'N and
90°20'E-90°32'E, the DMPA covers approximately 305.47 km? and encompasses 15
administrative thanas, including Ramna, Motijheel, Sutrapur, Sabujbagh, Lalbagh, Kotwali,
Uttara, Demra, Cantonment, Gulshan, Tejgaon, Mohammadpur, Dhanmondi, Pallabi, and
Mirpur (Fig. 1). The region is bounded by the Turag River to the west, the Balu River to the
east, and the Buriganga River to the south, forming a low-lying alluvial floodplain within the
lower deltaic basin of the Ganges—Brahmaputra—Meghna system. Dhaka’s elevation ranges
between 1.5 m and 13 m above mean sea level, making it highly susceptible to monsoon-
induced flooding and drainage congestion. Its subtropical monsoon climate is characterized by
an average annual rainfall of 2,000 mm, with more than 80% occurring between May and
September. Over the past four decades, Dhaka has experienced rapid and unplanned land
conversion from agricultural and wetland ecosystems to impervious built-up structures, driven
by population growth exceeding 21 million residents (BBS, 2022). The expansion of
impervious surfaces, roads, buildings, and paved courtyards has drastically modified the city’s
natural drainage, elevated urban heat, and reduced green space coverage (Moniruzzaman et al.,
2020; Uddin et al., 2022;). These conditions make Dhaka an ideal case for evaluating the
effectiveness of remote-sensing techniques in mapping urban impervious surfaces and
understanding their spatial variability under rapid megacity expansion (Faisal et al., 2021;
Mondal et al., 2025).
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Fig. 1. Map of the study area showing the administrative units of the DMA
2.2 Data collection

To evaluate impervious surface distribution, this study integrates both high-resolution optical
imagery and moderate-resolution multispectral satellite data, complemented by spatial
reference datasets for validation and analysis (Table 1). Here, the high-resolution image from
Google Earth Pro, collected between May and June 2025 (Table 1), was used to manually
digitize impervious features, including buildings, roads, paved areas, and other constructed
surfaces. These images provided sub-meter spatial detail and served as the reference dataset
for validation and accuracy assessment. The digitized polygons were exported in KMZ format
and converted to shp files in ArcGIS 10.8.2 for spatial quantification and comparison. Also, the
multispectral data from the Landsat 8 OLI (Level-1) were acquired for the same period via the
United States Geological Survey (USGS) EarthExplorer portal
(https://earthexplorer.usgs.gov/). The imagery provides 11 spectral bands with a spatial
resolution of 30 m for our research purposes, where bands 2—7 were collected with <10% cloud
coverage. Additional spatial layers, including administrative boundaries, water bodies, and
transportation networks, were obtained from the Bangladesh Bureau of Statistics (BBS) and
the Survey of Bangladesh (SoB) as mentioned in Table 1. These datasets provided essential
contextual information for enhancing the accuracy of thana-level zonation and mapping.
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Table 1. Summary of datasets used in this study

Data Type Source Resolution Acquisition Purpose
Google Earth ~ Google Earth Pro <lm May—June = Manual digitization,
Pro imagery 2025 accuracy validation
Landsat 8 OLI USGS Earth 30 m (Bands 2-7)  29/06/2025  Supervised

Explorer classification of
impervious surfaces
Administrative Survey of Vector 2025 Thana boundary
boundary Bangladesh (SoB) demarcation
Base Bangladesh Vector 2025 Spatial reference
map/water Bureau of and visualization
bodies Statistics (BBS)

3. Methodology

The methodological framework of this study integrates manual digitization and machine-
learning-based supervised classification to map and assess impervious surfaces within the
DMPA. The process involves three major stages: (1) manual delineation of impervious
features, (2) satellite image classification, and (3) accuracy assessment and validation (Fig. 2).

3.1 Manual delineation of impervious surfaces

High-resolution optical imagery from Google Earth Pro (May—June 2025) was harmonized
under a uniform coordinate system and, before classification at a scale of 1:300 for dense areas
and 1:500 for the rest of the DMPA boundary. The integration of multi-scale datasets ensured
both fine-scale feature precision (via manual digitization) and the establishment of a
comprehensive database for impervious surface analysis. The DMPA was subdivided into 15
administrative thanas to ensure spatial detail and comparability. Using polygon tools in Google
Earth, impervious features such as rooftops, roads, runways, and paved courtyards were
digitized at a 1:500 scale to minimize distortion, as well as the vegetation and water bodies.
Each polygon was verified by three trained interpreters to reduce subjectivity and ensure
consistency across datasets. The digitized features were exported as KMZ in four files, building
and roads as developed area, bare land, vegetation, and waterbody, then converted to shapefiles
in ArcGIS 10.8.2 (Fig. 2), and used to calculate the areal extent of impervious surfaces per
thana. This manually generated dataset provided the benchmark for evaluating classification
results derived from satellite imagery. Although labor-intensive, manual mapping remains one
of the most precise techniques for reference data generation in heterogeneous urban
environments.

3.2 Satellite image preprocessing and supervised classification

The Landsat 8 OLI Level-1 provides geometrically corrected to the World Geodetic System
(WGS 84, UTM Zone 46N) as shown in Table 1, but atmospheric correction is still required.
Several steps are followed for this in ArcGIS for each band (2-7) separately (Van Nguyen et
al., 2025). Firstly, during data collection, all the metadata were collected for each image from
bands 2 to 7 with less than 10% cloud cover. Then, cloud and Shadow pixels masking was done
by Google Earth Engine using the QA PIXEL band tool on the raster data and then imported
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to ArcGIS to remove contaminated pixels (Zhang et al., 2022). Next on ArcGIS, DNs (Digital
Numbers) are converted to TOA (Top-of-Atmosphere) radiance using the radiometric rescaling
coefficients from the downloaded metadata and the raster calculator. TOA radiance is further
converted to TOA reflectance by using a raster calculator to normalize the data with respect to
solar irradiance and acquisition geometry. Finally, atmospheric correction was employed to
transform TOA reflectance into surface reflectance, applying Dark Object Subtraction (DOS)
with the help of raster calculator that removes haze and atmospheric effects (Yan & Roy, 2025).

Following atmospheric correction, the surface reflectance images of Landsat 8 OLI
(Bands 2—7) were used for supervised classification in ArcGIS to produce a thematic land
use/land cover (LULC) map of the DMPA. In which representative samples are manually
selected for each LULC class (built-up areas, vegetation, water bodies, and bare land) based
on field knowledge from high-resolution imagery and Google Earth Engine, and the bands (2-
7) were stacked to form a multiband composite. Then Maximum Likelihood Classification
(MLC) algorithm was applied for supervised classification, which assigned each pixel to the
class with the highest probability according to the multivariate normal distribution of spectral
signatures (Hu et al., 2024). After the classification, a thematic LULC map was generated for
each class, symbolizing them distinctly for visual interpretation. Subsequently, area calculation
was performed by converting classified pixels into vector polygons and computing the area for
each LULC class using ArcGIS’s geometry calculation tools, allowing quantitative assessment
of land cover distribution across the DMPA. This workflow ensures that the final map and area
statistics accurately reflect spatial patterns and the extent of urban, vegetated, water, and bare
land features.

3.3 Accuracy assessment and validation

The accuracy assessment and validation procedures were undertaken to ensure the reliability
and robustness of the supervised classification results. The process involved generating
validation samples, verifying reference data, constructing a confusion matrix, and calculating
standard accuracy indices. A total of 750 stratified random validation points were created across
the classified image using ArcGIS 10.8.2 for each class, employing a stratified random
sampling technique to guarantee that all major land-cover categories, including impervious
surfaces, vegetation, bare soil, and water, were proportionally represented according to their
spatial extent within the classified output. This method was selected to maintain statistical
balance among classes and to minimize potential bias toward dominant surface types. The
validation points were spatially distributed throughout the DMPA to capture the inherent
heterogeneity of its urban landscape. Each validation point was independently verified using
high-resolution Google Earth Pro imagery (May—June 2025) and the manually digitized
reference dataset, ensuring that the reference data remained independent of the training samples
used in the classification process. For each sampled location, the true land-cover type was
assigned through visual interpretation of the reference imagery, identifying the predominant
surface feature corresponding to that point. This verification process provided an accurate and
reliable reference database for subsequent validation.

Following the establishment of the reference dataset, a confusion matrix (or error
matrix) was generated by cross-tabulating the classified image outputs with the verified
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reference data. The matrix was produced using the Error Matrix and Accuracy Assessment tools
in ArcGIS 10.8.2, which automatically compared predicted class labels with actual land-cover
categories for each validation point. The confusion matrix served as the basis for computing
statistical accuracy measures following Jombo and Adelabu (2023), including Producer’s
Accuracy (PA), User’s Accuracy (UA), Overall Accuracy (OA), and the Kappa coefficient (k).
The OA quantified the ratio of correctly classified samples to the total number of validation
points, while PA and UA provided measures of omission and commission errors for each class,
respectively. The « statistic was derived from the confusion matrix to evaluate the degree of
agreement between the classified and reference datasets beyond random chance (Kocaman &
Agaccioglu, 2024), where « values greater than 0.80 denote near-perfect agreement (Li et al.,
2024). This systematic approach ensured that the classification accuracy was evaluated using
statistically representative and spatially distributed validation samples. By integrating high-
resolution reference imagery, independent verification, and matrix-based statistical evaluation,
the adopted procedure provided a rigorous, reproducible, and internationally recognized
framework for assessing the performance of remotely sensed classifications (Su et al., 2022).
The methodology aligns with established accuracy assessment standards and remains
consistent with previous urban land-cover classification studies (Li et al., 2023; Sonet et al.,
2025).
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Fig. 2. A complete methodological workflow of manual digitization and image classification
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4. Results
4.1 Spatial distribution of imperviousness

The spatial analysis of impervious surface coverage across the fifteen thanas of the DMPA
demonstrates a clear core—periphery gradient, reflecting the contrasting morphology between
the densely built historical core and the relatively open, planned peripheries. The results from
both manual digitization and image classification show similar spatial trends, with variation in
magnitude due to the differences in spatial resolution and feature generalization (Fig. 3 and
Fig. 4).
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Fig. 3. LULC map derived from MLC (left) and manual digitization (right)

The central and southern thanas, Lalbagh (62.33% manual; 70.52% classified),
Sutrapur (61.41%; 69.40%), Kotwali (59.50%; 67.14%), and Dhanmondi (59.45%; 67.08%)
exhibit the highest impervious coverage within the DMPA (Fig. 3, Fig. 4, Fig. 5, and Fig. 6).
These areas represent Dhaka’s historical urban cores, characterized by unplanned and vertical
growth, limited open space as bare land, and almost no vegetation or water bodies, and dense
building footprints. Their impervious extent far exceeds the ecological sustainability threshold

of 10%, indicating severely reduced infiltration and increased flood susceptibility (Li et al.,
2023).
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Fig. 5. Impervious area from manual digitization in DMPA

Moderately urbanized thanas such as Motijheel (51.78%; 58.13%), Tejgaon (50.81%;
57.02%), Mohammadpur (57.62%; 64.92%), and Mirpur (57.18%; 64.40%) show high but
relatively balanced imperviousness. These regions consist of mixed residential, commercial,
and industrial land uses, where semi-pervious zones such as courtyards, institutional campuses,
and roadside vegetation still exist but are rapidly declining due to infill development and
infrastructure. Intermediate and transition zones, including Ramna (44.84%; 50.23%),
Sabujbagh (41.22%; 46.17%), Cantonment (34.31%; 38.56%), and Demra (33.88%; 38.09%),
show moderate imperviousness, reflecting a blend of residential, governmental, and vegetated
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land cover. Although these areas retain some open land and tree cover, progressive urban
infilling and transportation expansion threaten their permeability.
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Fig. 6. Impervious area from supervised classification in DMPA

In contrast, northern and planned thanas such as Pallabi (28.45%; 32.23%), Uttara
(29.66%; 33.53%), and Gulshan (21.00%; 24.36%) exhibit the lowest imperviousness within
the metropolitan area. Their planned urban designs, larger residential plots, and maintained
green spaces contribute to higher infiltration potential and more efficient stormwater
management compared to the congested central zones. Spatial visualization of the classified
imagery further reveals that the impervious intensity radiates outward from the historic
southern cores, Lalbagh (Fig. 4), Kotwali, and Sutrapur toward newer developments in
Tejgaon, Mirpur, and Uttara. This pattern corresponds with Dhaka’s chronological growth
trajectory, where unplanned densification has gradually expanded northward. Overall, the
citywide imperviousness exceeding 50% according to image classification results indicates a
critical level of hydrological and ecological stress. The spatial differentiation across thanas
underscores the urgent need for zonal planning interventions. Urban authorities should
prioritize the restoration of green-blue infrastructure, the adoption of permeable pavement, and
the enforcement of open space retention policies, particularly in the most impervious central
zones, to mitigate runoff and urban heat effects.

4.2 Comparison of impervious surface estimation

The comparative analysis of impervious surface mapping using manual digitization and the
MLC revealed consistent but quantitatively distinct results. Within the DMPA, manual
digitization of high-resolution Google Earth Pro imagery estimated a total impervious area of
138.08 km?, representing 46.23% of the total study area. In contrast, the MLC-based supervised
classification using Landsat 8 OLI imagery estimated 155.68 km? (52.12%) of impervious
cover, corresponding to a 5.89% overestimation relative to the manually delineated reference.
This discrepancy is primarily attributed to the mixed-pixel effect associated with the 30 m
spatial resolution of Landsat imagery, where sub-pixel heterogeneity, particularly in compact
urban areas, tends to generalize small, vegetated gaps or semi-pervious materials as impervious
surfaces (Li et al.,, 2024; Sonet et al., 2025). Nevertheless, both methods show strong
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correspondence in the spatial distribution of built-up areas, indicating that MLC effectively
captures the dominant impervious patterns within Dhaka’s heterogeneous landscape. When
compared to other major South and Southeast Asian cities, Dhaka exhibits similar or slightly
higher imperviousness. Recent studies reported impervious surface coverage of 47-50% in
Kolkata, 45-53% in Jakarta, and 44—49% in Bangkok (Li et al., 2023; Wu & Pan, 2023). These
values confirm a regional trend of extensive surface sealing across rapidly urbanizing tropical
megacities, driven by unplanned expansion, population pressure, and inadequate green
infrastructure planning. Dhaka’s impervious coverage surpasses even the upper range observed
in these cities, positioning it among the most heavily sealed urban environments in the region.

The observed correlation between manually and automatically derived estimates
underscores the operational reliability of the MLC for regional-scale impervious mapping,
especially when validated with high-resolution data. The findings align with previous research
in comparable metropolitan contexts, reaffirming that the MLC approach can serve as a
dependable tool for tracking urban surface dynamics where computational efficiency and
reproducibility are critical (Li et al., 2023; Wu & Pan, 2023).

4.3 Accuracy assessment and classification reliability

Accuracy assessment confirms the robustness of the MLC-based classification. The confusion
matrix derived from 750 stratified random validation points produced an overall accuracy of
88.4% and a Kappa coefficient (k) of 0.84 (Table 2), denoting almost perfect agreement
between classified and reference datasets (Kocaman & Agagcioglu, 2024). Class-wise
evaluation indicated that impervious surfaces achieved Producer’s Accuracy (PA) of 89.7% and
User’s Accuracy (UA) of 86.2%, reflecting strong model sensitivity and reliability in detecting
built-up features. Misclassification primarily occurred in transitional zones such as vegetated
courtyards or mixed asphalt bare soil areas, where spectral similarity caused confusion between
previous and impervious categories (Jombo & Adelabu, 2023). Overall, the high accuracy and
spatial consistency between manual and MLC-derived outputs validate the methodology’s
applicability for continuous monitoring of urban surface dynamics in Dhaka. The framework
offers a reproducible approach for integrating multi-resolution datasets to support climate-
resilient urban planning and hydrological modeling.

Table 2. Accuracy assessment of MLC classification

Metric Impervious Surfaces Vegetation Bare Soil Water Overall
Producer’s Accuracy (%) 89.7 85.2 87.1 90.6 —
User’s Accuracy (%) 86.2 88.9 85.4 92 —
Overall Accuracy (%) — — — — 88.4
Kappa Coefficient (k) — — — — 0.84

5. Discussion

This study highlights the alarming extent of surface sealing in Dhaka, where impervious
surface coverage reached 46.23% through manual delineation and 52.12% using the MLC.
These values far exceed the global ecological threshold of 10% and the severe degradation
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limit of 30% (Li et al., 2023), signifying advanced urban surface sealing and substantial
hydrological imbalance. The spatial heterogeneity observed among the 15 thanas reveals a
distinct urban core—periphery gradient: Lalbagh, Sutrapur, Kotwali, and Dhanmondi represent
the most compact and impervious sectors due to unplanned high-density development, while
Gulshan, Uttara, and Pallabi maintain relatively lower imperviousness owing to planned
layouts and greater vegetated coverage. The comparative analysis confirms that manual
digitization provides high spatial precision and visual interpretability, serving as a benchmark
for validation. In contrast, the MLC-based classification achieves efficient and replicable
mapping over large spatial and temporal scales. Although the 30 m Landsat resolution
introduced a 5.89% overestimation due to mixed-pixel effects, the achieved accuracy (88.4%)
and Kappa coefficient (0.84) validate the reliability of the approach. Similar accuracy
benchmarks were reported by Wu and Pan (2023) and Sun et al. (2019), underscoring the
robustness of supervised classification for regional-scale urban studies.

In comparison to other South and Southeast Asian megacities such as Kolkata (47—
50%), Jakarta (45-53%), and Bangkok (44-49%) (Li et al., 2023), Dhaka now ranks among
the most impervious urban environments. The hydrological consequences include diminished
infiltration, increased surface runoff, frequent pluvial flooding, and reduced groundwater
recharge (Xu et al., 2025). Furthermore, vegetation loss and heat absorption by built-up
structures intensify urban heat island effects, as evidenced in related studies (Faisal et al.,
2021). The findings call for an integrated urban management framework that continuously
monitors imperviousness using remote sensing and geospatial tools to guide sustainable land-
use planning and flood mitigation strategies. Future research should focus on integrating high-
resolution satellite imagery and advanced ensemble classifiers that can enhance the detection
of precision. Incorporating temporal data and field validation would also enable dynamic
monitoring of impervious surface growth and its hydrological consequences.

6. Conclusions

The study provides a comprehensive assessment of manual and machine-learning approaches
for impervious surface mapping in the capital city of Bangladesh, Dhaka. Both methods
confirm extensive urban sealing, indicating critical ecological stress and hydrological
imbalance. The MLC method achieved strong accuracy metrics (OA=88.4%, «=0.84),
validating its applicability for urban-scale classification, while the 5.89% overestimation
relative to manual mapping underscores the limitations of medium-resolution imagery. Dhaka’s
impervious coverage now surpasses 50% of its metropolitan area, one of the highest in South
Asia, highlighting the urgent need for adaptive urban governance. The policymakers can
prioritize restoring pervious surfaces through green—blue infrastructure expansion, promoting
sustainable drainage systems, and reinforcing planning regulations to counteract urban heat
risks. Besides, future investigations should incorporate higher-resolution imagery for image
and field data and ensemble other machine learning algorithms for change detection to establish
predictive models for urban ecology and planning.
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Article info ABSTRACT

Keywords: This study aims to assess the land cover dynamics using machine learning and
remote sensing techniques in the Google Earth Engine (GEE) over the period
2016-2024 in Cox’s Bazar, Bangladesh, which is hosting a million Rohingya
refugees. Here, the Land Use Land Cover (LULC) changes show the decline in
forest cover from 66,024 ha (26.46%) in 2016 to 42,865 ha (17.13%) in 2024.
The built-up areas expanded dramatically from 3,746 ha (1.5%) to 15,036 ha
(6.02%), linked to the rapid growth of Rohingya refugee settlements. Besides,
the shrubland and water-bodies showed strong inter-annual fluctuations
Revised-12 Jan 2026 influenced b}/ both gnvironmental con.ditions and human activitiesf. Furthermore,
Accepted-01 Feb 2026 the Normallze(_j leferfance V_egetatlo_n Index (NDVI) analysis reflects the
Published- 31 March 2026 highest vegetation Igss in Ukhiya upazila, where the largest refugee camps are
located. The analysis of the study showed that the camps are extended to the
protected areas. The accuracy of the LULC analysis confirmed accepted
classifications with overall accuracy of 76-96% and Kappa values of 0.70-0.95.
The rapid LULC changes driven by the refugee influx require the need for
continuous monitoring and sustainable land management to prevent the
expansion of camps into the protected areas, as evidenced by this study.
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1. Introduction

Natural and man-made features that physically cover the earth’s surface are called land cover,
and when humans utilize the land for economic, residential, recreational, or conservation is
called land use (Andersonetal., 1976; Babaremu et al., 2024). Changes of LULC have
significant effects, such as environmental impacts including global warming, hydrological
cycle, rainfall pattern, carbon sequestration, ecosystem impacts including habitat destruction,
biodiversity loss, and socio-economic impacts including challenges to water resource
management, agricultural productivity (Hassan et al., 2018; Siddeqa et al., 2023). Following
the inflow of Rohingya refugees from 1942 has been an observation of the changes in LULC
to protect the preserved area, national parks, and sanctuary (Hossain and Moniruzzaman,
2021). The problem of the refugee crisis is growing day by day with an average of 28,300
people forced to flee their homes (Hassan et al., 2018). Among them Rohingya people are one
of the most stateless and widely persecuted Muslim minorities, forced by the Buddhist majority
in Myanmar (Hassan et al., 2018; Ahmed et al., 2020). Major Influxes of the Rohingya
Population occurred in 1942, 1991, 1997, 2016, and 2017 due to military restrictions of the
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Myanmar Government, and almost 15.7 lakh Rohingya came to Bangladesh from 1942 to 2017
(ACAPS, 2017). On August 25, 2017, nearly 671,500 Rohingya refugees were forcibly
displaced to the Teknaf and Ukhiya sub-districts of Cox’s Bazar in Bangladesh from Rakhine
State of Myanmar (Sakamoto et al., 2021). In response to the humanitarian crisis at that time,
the Bangladesh Government provided land to build temporary settlements by clearing forest
trees in the southern hilly region for the Rohingya people (Sarkar et al., 2023).

At present, a total of 34 camps are housed for Rohingya people, and these are located
at Teknaf and Ukhiya near protected areas called the Teknaf wildlife game reserve. The
protected area is a home for both land and wetland species, including birds, bats, snakes, wild
Asian elephants, monkeys, and other wild animals (Hassan et al., 2018). The region also has a
vast array of plants supporting carbon storage (Hassan et al., 2018; Hossain and
Moniruzzaman, 2021). Geologically, the area belongs to the Eastern Fold Belt formed by the
compressional interaction between the Indian Plate and the Myanmar Subduction Zone
(Sourav, 2025; Rahim, 2025). Major features like the NNW-SSE trending Inani Anticline and
older fault zones are created by this tectonic activity and reflect a long history of subsidence
and upliftment. The landscape is fundamentally shaped by neo-tectonic uplift and fault zones,
which generate coastal cliffs and a geologically dynamic, fragile environment (Rahim, 2025).
The area is situated in a tropical monsoon climate experiencing distinct wet and dry seasons,
where heavy monsoon rainfall exacerbates geohazards like landslides and coastal erosion
(Sourav, 2025). But the government constructed Rohingya camps in the area of the protected
zone in Teknaf and Ukhiya Upazila by cutting forested trees without any planned and baseline
study, which hurt the surrounding environment by changing the land use and land cover of that
area (Hasan et al., 2020; Siddeqa et al., 2023).

While many studies have assessed the changes of LULC using supervised maximum
likelihood classification in ArcMap (Sarkar et al., 2023; Siddeqa et al., 2023). Methodological
advancement in the field of GIS and remote sensing shifted toward using cloud-based
platforms, Google Earth Engine (GEE), and robust Machine Learning (ML) algorithms for
improved accuracy in time-series LULC analysis (Maruf and Ara, 2023; Miah et al., 2024; Das
et al., 2025). Keeping all the reasons in view, the study aims to create maps showing LULC
changes of Cox’s Bazar district from 2016 to 2024 using a machine learning algorithm, random
forest classifiers in Google Earth Engine (GEE) for continuous monitoring. In such a context,
the objectives of this study are to assess the LULC change over the past decades in Cox’s Bazar,
Bangladesh, considering the Rohingya influx of 2016 and 2024.

2. Materials and Methods
2.1 Study area

This study covers Cox’s Bazar district, as most Rohingya refugee camps are located here. Cox’s
Bazar is situated in the southeastern coastal belt of Bangladesh, extending between 91°50'E
and 92°23'E in longitude and 20°43'N and 21°56'N in latitude (Rahim, 2025). The district is
bounded by Chattogram District to the north, Bandarban District to the east, Myanmar, and the
Bay of Bengal to the south and southeast (Fig. 1). Cox’s Bazar holds significant geographical,
economic, and political importance for the country. The study area is dominated by hills and
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natural forests along the Bay of Bengal, is a salinity-prone region with limited agricultural
potential (Karmakar et al., 2025). The geomorphic features of this coastal plain include wave-
cut platforms, benches, paleo-beaches, and alternating tidal and beach deposits formed by past
sea-level fluctuations and wave action (Ahsan et al., 2017).

2.2. Geospatial data used

In this study, median composites covering a year, January to December, were used to obtain
cloud-free and seasonally balanced imagery. Previous studies have shown that annual
composites are less noisy to the atmosphere and have stable spectral contributions that can be
used to map land-cover accurately (Phan et al., 2020; Zhang et al., 2021). Each study year, a
median composite was generated using all available Sentinel-2 imagery from January to
December with a cloud-coverage threshold of <5%. Due to tile availability and partial scene
coverage during the early phase of the mission, the 2016 composite required extending the
range to January 10, 2017, and the 2017 composite accordingly began from that date. Sentinel-
2 MSI provides 13 spectral bands covering the visible to SWIR regions, which is crucial for
detailed environmental monitoring (ESA, 2015; USGS, 2018).
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Fig. 1. Map of the study area showing the regional and local boundaries and the area of interest

The spatial resolution of Sentinel-2 MSI varies by band: four bands (B2, B3, B4, BS)
have a 10 m ground sampling distance, six bands (B5, B6, B7, BSA, B11, B12) have 20 m
resolution, and three coarse bands (B1, B9, B10) operate at 60 m that are useful in vegetation,
moisture and atmospheric analysis (ESA, 2015) with a 12-bit radiometric resolution and a 290
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km swath with wide-area coverage suitable for multi-temporal land assessments (Drusch et al.,
2012; ESA, 2015). To understand the spatial patterns of the Rohingya camps in relation to
protected areas, a polygon for Cox’s Bazar was used. Subsequently, polygons representing
Rohingya camps, national administrative boundaries, international boundaries, and national
rivers were used, as listed in Table 1.

Table 1. Types of data used in this study

Raster data

Data Year Source
Start and End date

Sentinel-2A/2B 2016-01-01 2017-01-10 European
2017-01-10 2017-12-31 Space
2018-01-01 2018-12-31 A(gg':)y
2019-01-01 2019-12-31
2020-01-01 2020-12-31
2021-01-01 2021-12-31
2022-01-01 2022-12-31
2023-01-01 2023-12-31
2024-01-01 2024-12-31

Vector data
Data Source

Protected area boundary

River boundary and
Rohingya camps

Administrative boundary

UNEP-WCMC and IUCN (2025), www.protectedplanet.net.

Hdx, 2025 (https://data.numdata.org/dataset/outline-of-camps-
sites-of-rohingya-refugees-in-cox-s-bazar-bangladesh)
DIVA-GIS, 2024 (https://diva-gis.org/data.html)

2.3. Methodology
2.3.1 Image pre-processing

Fig. 2 shows the overall workflow of this study. The workflow commenced with importing the
study area shape file into the GEE platform. Subsequently, the data preparation phase has
started with the acquisition of nine Sentinel-2 MSI images for individual years from 2016 to
2024. In this study, we collected the images from the COPERNICUS/S2 collection. Similar to
previous studies (Valdivieso-Ros et al., 2021), we selected the COPERNICUS/S2 (TOA)
collection in GEE to ensure full spatial coverage. We then performed manual atmospheric
correction, as some atmospherically corrected datasets (e.g., SR or harmonized) either lacked
full coverage or had gaps due to masking. Images were collected with less than 5% cloud
coverage to minimize atmospheric disturbances in the datasets. Radiometric correction was
done through the transformation of raw digital values into the top-of-atmosphere (TOA)
reflectance. Minimizing residual atmospheric effects, e.g., haze, was then done by atmospheric
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correcting, i.e., finding the darkest pixel of each spectral band and subtracting it of every pixel
in that spectral band (Abdullah et al., 2019).

2.3.2. Image classification

Image classification is the process of assigning each pixel in a satellite image to a specific land-
cover class based on its spectral characteristics, and it applies to both supervised and
unsupervised methods (Corner et al., 2022). In this study, we employed supervised image
classification, and for this, we established a detailed land use and land cover classification
outline based on the characteristics of the area. As the Cox’s Bazar district is usually
surrounded by variations in vegetation cover, saltpan, waterbodies, coastal wetland, and
cropland, there was a need to come up with a classification scheme. Here, five different
categories of LULC have been considered, such as forest cover (natural forest and homestead
vegetation), Cropland/fallow land (crop fields, saltpans, grassland, and open fields), Built-up
(settlements, roads, and brickfields), Waterbody (rivers, lakes, and ponds), and Shrubland (low
to medium vegetation coverage dominated by small to medium-sized bush). In the cropland
category, fallow fields, exposed soil, and sandy beaches were included because they share
similar spectral characteristics, making them difficult to separate reliably.

Furthermore, the indices like Normalized Difference Vegetation Index (NDVI),
Normalized Difference Water Index (NDWI), and Normalized Difference Built-up Index
(NDBI) improve the separability of land-cover classes and enhance classification accuracy by
highlighting vegetation, water, and built-up areas (Xu, 2006; Arfa and Minaei, 2024). In Google
Earth Engine (GEE) classification workflow, the study utilizes five band-composite
combinations (true color, standard false-color, urban false-color, agricultural composite, and
SWIR composite) and calculated five normalized spectral indices, including NDVI, NDWI,
NDBI, NDMI, and SBI from spectral bands to determine features of each land-use/land-cover
by analyzing spectral signatures of these band combinations and indices. Normalized
Difference Vegetation Index (NDVI) is a metric that is used to assess the vegetation health and
density by calculating the differences between the near-infrared and red bands and is
formulated by Rouse et al. (1973). The indices widely used to understand different types of
vegetation by analyzing the index value, which ranges from -1 to +1 (Xue & Su, 2017). In this
study, NDVI is used to determine the dense forest shrubland and cropland by analyzing its
spectral signature by calculating NDVI with the following formula Eq. (1). The term NDWI is
used to assess water content in open water by calculating the differences between the green and
near-infrared bands and is formulated (McFeeters, 1996). Spectral signature of these indices is
analyzed to distinguish saltpans, which frequently resemble waterbodies in satellite imagery,
using the following formula Eq. (2). Also, the spectral signature of Normalized Difference
Built-up Index (NDBI) is analyzed to built-up areas due to high SWIR reflectance by using the
following formula Eq. (3) (Zha et al., 2003). Normalized Difference Moisture Index
(NDMI)/NDWTI estimates vegetation or soil moisture content (Gao, 1996). Soil Brightness
Index (SBI) quantifies soil brightness and organic matter based on multi-band reflectance and
helps to distinguish bare soil surfaces (Kauth and Thomas, 1976).
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Table 2. The different indices used in the LULC classification

Equations Reference
NIR-Red (1) Rouse et al., 1973
NDVI= NGI—R+R %\%R
_Green-NIR (2) McFeeters, 1996
o SGVrVeIelilJE\II\{E{ h |
_ - USRS (€ ) Zhaetal., 2003
O SRR
NDMI= -SWIR 4) Gao, 1996
NIR+SWIR

SBI= J (Red2+Green2+Bluez)

................................. (5) Kauth and Thomas, 1976

By integrating these five indices with six spectral composites, we took training samples
(pixel-based) by analyzing their spectral signature. NDVI is especially useful for delineating
dense forest and shrubland. NDWI and NDMI help to discriminate between waterbodies and
saltpans containing water, NDBI and SBI enhance detection and reduce confusion between
barren land and tin shed settlements of Rohingya refugees, as they reflect the similar wavelength

of barren land.

Load
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for each year per classes detection (Kappa coefficient)

Fig. 2. A detailed workflow of the study

2.3.3 Machine learning algorithm in LULC classification

Machine Learning (ML) techniques have become central in LULC classification as they handle
non-linear spectral variability and high-dimensional data as compared to classical parametric
techniques (Talukdar et al., 2020). The K-Nearest Neighbors (KNN) is an instance-based non-
parametric technique that generalizes samples of data according to the most frequently
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occurring class of the nearest neighbors, although it can fail in high-dimensional spectral data
and noisy data (Altman, 1992; Pal and Mather, 2003). Artificial Neural Networks (ANN) can
approximate non-linear relationships and have already been successfully applied to LULC
mapping, but they can be very sensitive to large datasets used in training and tuning the network
to prevent the risk of overfitting (Qian et al., 2015; Haykin, 1999). Gradient Boosting Machines
(GBM) have demonstrated high predictive power due to the successive combination of weak
learners to reduce the effects of bias, which is highly accurate when working with multispectral
and hyperspectral data, but GBM is computationally expensive and highly sensitive to
hyperparameter optimization (Friedman, 2001; Qian et al., 2015). Support Vector machine
(SVM) is popular because of its high capacity of generalization, it can build an explicit decision
boundary with a margin, and can also be effective when dealing with non-linear separability
through kernel functions, and is capable of producing high classification accuracy with
relatively few training samples (Huang et al., 2002; Pal and Mather, 2005; Camps-Valls et al.,
2013). Random Forest (RF) is a non-parametric, ensemble-based algorithm that constructs
multiple decision trees and averages their predictions, which helps to be resistant to noise,
multicollinearity of spectral indices, and overfitting, and also allows a measure of variable
importance to interpret the LULC separability (Breiman, 2001; Belgiu & Dragut, 2016; Sun &
Ongsomwang, 2023). Convolutional Neural Networks (CNNs), a deep-learning approach,
excel at capturing both spectral and spatial patterns in very-high-resolution imagery, yielding
high accuracy, but they require substantial labeled data, computational resources, and careful
network tuning to avoid overfitting.

2.3.4. Accuracy assessment

To fulfill the objectives of the study, a machine learning algorithm was adopted after assessing
the accuracy matrix of the chosen ML algorithm, following a clear literature review (2.3.3).
Three ML were adopted for evaluation for further analysis, these are RF, SVM, and KNN.
Evaluation was performed for the year 2016 LULC classification. LULC Classification and its
accuracy assessment were performed by splitting the training samples into 80%/20% as
training and validation points, applying a stratified random sampling approach in Google Earth
Engine (Gorelick etal., 2017; Roy, 2021). A confusion matrix between predicted classes and
actual ground-truth was obtained by using the validation dataset. The counts of the true
positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) in each cell
of the matrix measure the accurate and inaccurate predictions of each classification (Belgiu and
Dragut, 2016). The study has calculated four accuracy matrices (Producer’s accuracy, User’s
accuracy, Overall training accuracy, and Kappa coefficient) by producing a confusion matrix
for each year, these are:

Total number of correct pixel in a class

Producer accuracy = ...(6)

Total number of reference pixel in that class (column total)”"™ """ """

Total number of correct pixel in a class (Diagonal element)

User accuracy =
y Total number of pixel classified into that class (raw total)
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Overall accuracy = Total number of correctly classified pixels (sum of diagonal)
y= Total number of reference pixels e

(8)
Py—Pe

Kappa coefficient, k = T e 9)

In 2016, the overall accuracy of the Random Forest was 85.48% and the x of 0.81 (almost
perfect agreement), compared to SVM (77%, k = 0.70) and KNN (89%, x = 0.79) (Table 3).
Based on the analysis of the accuracy assessment of the RF, SVM, and KNN, this research
applied the Random Forest algorithm since it has high precision due to the combination of
several decision trees, moderate training samples, low sensitivity to multicollinearity between
spectral indices, and inbuilt variable importance metrics, which assist in interpreting LULC
separability (Mutale et al., 2024). The study then used Random Forest to classify the land
use/land cover of Cox’s Bazar for the years (i.e., 2016, 2017, 2018, 2019, 2020, 2021, 2022,
2023, and 2024).

Table 3. Comparative accuracy assessment of ML classifiers of 2016

Classifiers Overall accuracy (OA) (%)  Kappa Coefficient
Random forest (RF) 85.48 0.81
Support Vector Machine (SVM) 77 0.70
K-Nearest Neighbors (KNN) 89 0.79

3. Results and Discussion
3.1. Assessment of LULC change and NDVI-based vegetation coverage

The study observed a consistent decline in forest cover, dropping from 66,024 ha (26.46%) in
2016 to 42,865 ha (17.13%) in 2024, about 9.33%. Shrubland also declined substantially, losing
23,856.3 ha (9.54%) from 2016-2024 (Table 5). Results of the classification are similar to
several studies that have examined the changes in forest cover. The study of Dampha et al.
(2022) showed that the forest/grassland decreased by nearly 20% (2017-2020). Besides, the
study of Sarker et al. (2022) showed that the forest cover of Teknaf and Ukhiya Upazila
decreased by 9%. In contrast to the declining forest cover and shrubland, cropland/fallow land
expanded steadily throughout the study period. Built-up areas increased significantly from
1.5% to 6.02%, and it is mostly associated with refugee settlements (Fig. 4). Shrub-land and
water-bodies showed strong inter-annual fluctuations influenced by environmental conditions,
seasonal changes, and anthropogenic activities. Year-to-year trends showed clear transitions
across land cover classes. The built-up area increased for 1.5% to 4% from 2016 to 2017, this
drastic change was mainly due to the Rohingya influx (Hassan et al., 2018) (Fig. 4). After the
dramatic jump in 2016-2017 built-up area continued to grow steadily from 2017-2024, with a
moderate rise in 2018, 2019, and 2020. The growth remained consistent before showing a
slightly higher increase again in 2023-2024, indicating continuous but mostly gradual urban
expansion. Cropland and fallow land increased steadily from 2016 onward. The total area of
cropland and fallow land was 129,876 ha (52.05 %) in 2024, compared to 90,653 ha (36.31%)
in 2016, which represented the largest spatial extent. Shrubland was decreasing in the early
years, reaching its lowest point in 2018, which was 35,702 ha (14.3%). After that, shrubland
slowly increased and became more stable from 2020. By 2024, shrubland covered a bit more
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area, 53,178 ha (21.3%), showing a slow recovery after the big early decline. Waterbody area
changed a lot over the years, with a clear rise in 2018 (23,882 ha) followed by lower levels in
most other years. After 2019, it showed only small changes and stayed mostly low until 2024
by 3.5%.

The mean NDVI value of the district reflects overall vegetation cover that declined by
nearly 14% from 2016 to 2024. In the present, Teknaf and Ukhiya Upazila, where refugee
camps are located, were covered by green space or forest cover within and around the official
refugee camp boundary in 2016, that clearly observed by this study’s LULC classification and
the NDVI results (Fig. 3, 4, and 5). Teknaf and Ukhiya upazila mean NDVI value is decreased
by 0.18 and 0.22, reflect the clear impact of the Rohingya refugee. Among these, Ukhiya
Upazila has experienced the highest decline in vegetation cover, where the largest camp is
located in the Kutupalong area (UNHCR, 2025). Mean NDVI of Chakaria, Cox’s Bazar Sadar,
Kutubdia, and Maheshkhali shows a steady decline in relation to Ramu, Ukhiya, and Teknaf
Upazila. Ramu Upazila had the highest forest decline in 2024 (8,184 ha; 30.83%), as it
originally contained the largest forest area among all upazilas. Also, a large forest loss was
observed in Teknaf (4,637 ha; 17.47%) and Ukhiya (4,565 ha; 17.20%), where all the refugee
camps are located.

3.2. Accuracy assessment of LULC classification

The accuracy assessment for the LULC maps from 2016-2024 was done using confusion
matrices to compare classified pixels with reference data. User’s Accuracy (UA) and
Producer’s Accuracy (PA) were calculated for each land-cover class to see how correctly each
class was identified and where mistakes happened. The Overall Accuracy (OA) values ranged
from moderate to very high (76%-96%) (Table 4), indicating generally dependable
classification results across the years. The kappa coefficients (0.70-0.95) indicate that the
classifications were substantial to almost perfect agreement.

Table 4. Accuracy assessment of LULC from 2016 to 2024

Year Overall accuracy (%) Kappa
2016 85.48 0.81
2017 89.29 0.84
2018 89.80 0.87
2019 78.33 0.72
2020 96.00 0.95
2021 88.00 0.84
2022 90.57 0.88
2023 76.36 0.70
2024 81.03 0.75

3.3. Impacts of the Rohingya influx on the LULC change

The year 2017 marked an immediate influx, during which Cox’s Bazar experienced dramatic
land-cover transformations that resulted in significant negative impacts on the surrounding
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environment (Hassan et al., 2018). Built-up area had increased 1.5% to 4% from 2016-2017 at
the immediate influx of Rohingya refugees to accommodate them and provide related facilities.
Cropland or open land expanded steadily, indicating increased land conversion for agricultural
use to meet food demand as well as the availability of Rohingya refugees as cheap labor for
agricultural work (Sakamoto et al., 2021; RRRC, 2025). Mean NDVI value of the district
declined by nearly 0.14 from 2016-2024, and the highest decline was 0.22 in Ukhiya Upazila
and a moderate decline of 0.18 in Teknaf Upazila, where all refugee camps are located near the
reserved forest and wildlife sanctuary (RRRC, 2025) (Fig. 4, Fig. 5). Refugee population hosts
more than one-third of the district’s total population, and its density is approximately 40 times
higher than the rest of Cox’s Bazar, as is clearly evident by this study showing a massive decline
in forest cover to give shelters to the refugees (HRRC, 2025). At a 3.77% growth rate, the
refugee population could reach about 1.30 million in 2032, four times higher than the
population projected for Teknaf in 2032. This indicates an increase in built-up areas to fulfill
the demand of refugee camps in the near future.

The red area indicates refugee camps near the protected area, which is delineated by
orange boundaries (Fig. 1). If the population growth rate of Rohingya refugees continues to
increase rapidly, these settlements may expand into the protected area. Previous studies have
shown that refugee settlements were built in 2017 by cutting down the trees of dense forest
areas situated adjacent to the protected area. The area was a home for both land and wetland
species, including birds, bats, snakes, wild Asian elephants, monkeys, and other wild animals,
and had a vast array of plants supporting carbon storage (Hassan et al., 2018). To prevent the
expansion of the refugee camp into the protected area, proper LULC planning is required. For
that this study has analyzed the changes of LULC from 2016-2024 for each year and found that
the camp area is expanded towards the protected area (Fig. 3). This study was done by Google
Earth Engine for continuous monitoring to understand the dynamics of Refugee camps.

Table 5. Descriptive statistics of LULC change in hectare (ha) and percentage (%)

LULC class 2016 2017 2018 2019 2020 2021 2022 2023 2024
Forest cover 66,024 61,689 57,858 54,664 50,530 50,201 47242 45,046 42,865
(2646 %) (247%) (23.16%) (21.88%) (2023%) (20.13%)  (189%)  (18.03%)  (17.13 %)
Cropland/ 90,653 111,997 121,252 122,608 124,150 126,062 128,886 127,627 129,876
fallow land  (3631%) (44.88%) (48.54%) (49.13%) (49.76%) (50.55%) (51.6%)  (51.16%)  (52.05 %)
Built-up 3,746 9,990 11,063 12,246 12,747 13,265 13,688 13,947 15,036
(1.5 %) (4%) (443%)  (491%)  (5.11%)  (531%)  (5.48%) (5.59%) (6.02%)
Waterbody 12,216 8,259 23,882 9,763 15,108 11,486 11,486 9,858 8,741
(489%)  (331%)  (9.57%)  (3.91%)  (6.05%) (4.6%) (4.6%) (3.95%) (3.5%)
Shrubland 77,034 57,721 35,702 50,382 47,101 48,471 48,500 53,065 53,178

(30.84%)  (23.11%)  (143%)  (20.17%)  (18.85%)  (19.41%)  (19.42%)  (2127%)  (21.3%)
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52




Journal of Remote Sensing and Environment, Vol 5, 2026 [Rahman and Islam, 2026]

4. Conclusions

Findings of this study demonstrated that Cox’s Bazar has undergone rapid and substantial
LULC transformations, with the most dramatic changes occurring in 2017 during the
immediate Rohingya influx. The findings give a clear picture of the rapid and extensive
landscape change of Cox’s Bazar due to the massive influx of Rohingya refugees. The loss of
forest cover was around 9.5%, and the areas under built and agricultural land were growing
significantly, which means that the pressure on natural ecosystems is high. The patterns of
NDVI also verify that there was severe vegetation degradation in and around Teknaf and
Ukhiya, the places where the refugee camp areas are located. The RF classifier produced
reliable outputs, supporting its suitability for long-term monitoring. The effectiveness of cloud-
based platforms for continuous, year-to-year monitoring by applying a random forest classifier
in GEE. It enables real-time assessment of how refugee camps are expanding spatially and their
encroachment on protected areas. These insights are vital for government agencies,
conservation authorities, and NGOs to develop informed restoration strategies and sustainable
land-use planning to protect the preserved forest and the Teknaf wildlife sanctuary.
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Article info ABSTRACT

SKeyvr\]/or_ds:A Rad Publicly available satellite imagery supports reliable waterbody extraction,
thR etic Aperture Radar which is crucial for hydrological studies, environmental monitoring, resource
ﬁ/l | _)’ " management, disaster management, urban heat reduction planning, etc. This
(NLIJStll)spectra nstrument study focuses on the extraction of inland waterbodies of Hakaluki Haor using

Sentinel-1 and Sentinel-2 imagery and compares their results during the pre-
monsoon (March) and post-monsoon (November) seasons from 2019 to 2024.
The waterbodies were delineated using a threshold-based approach for Sentinel-
1 and the Normalized Difference Water Index (NDWI) for Sentinel-2. The

Normalized Difference
Water Index (NDWI),
Seasonal Variation

Article History: results reveal seasonal and inter-annual variability, with minimal pre-monsoon
Received-07 Dec 2025 water observed in 2021-2022 and exceptionally high post-monsoon inundation
Revised-23 Jan 2026 in 2020, when Sentinel-2 detected approximately 122.4 km? compared to 95 km?
Accepted-09 Feb 2026 of water extent from Sentinel-1. The analysis further shows that during the pre-
Published- 31 March 2026  monsoon season, waterbody extraction overlapping area between these two
DOI: sensors varies from 63-91% due to scattered and fragmented waterbodies,
https://doi.org/10.66268/jrs  whereas during post-monsoon, this variation is significantly reduced to 81-95%.
€.2026.05.206008 It indicates that during post-monsoon, due to continuous waterbodies, the sensor

choice has less effect on waterbody extraction in a similar context.

1. Introduction

Wetlands play a vital role in maintaining ecosystem services by regulating carbon dynamics as
well as water and energy cycles (Tootchi et al., 2018). Understanding ecosystem processes in
wetlands depends largely on the accurate measurement of surface water extent (Huang et al.,
2018). Surveillance of inland water bodies represents a critically important area of study, as it
supports the analysis of both natural and anthropogenic processes, especially those related to
sustainability and risk mitigation (Valdiviezo-Navarro et al., 2019). For effective measurement
and monitoring of waterbody dynamics, remote sensing is a modern and effective tool (Jiang
et al., 2021). Now, different publicly available satellite images have made it easier and more
cost-effective to monitor water bodies over the years using images with varying pixel sizes
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(Buma et al., 2018). There are three primary ways available to observe the earth through
satellite images-reflected solar radiation, active & passive microwave emission, and emitted
thermal radiation (Mishra & Pant, 2020). Continuous monitoring of the Earth’s surface is
enabled by active remote sensors, such as synthetic aperture radar (SAR) systems, regardless
of weather conditions, making them suitable for flood risk prediction and natural resource
management (Valdiviezo-Navarro et al., 2019). Sentinel satellites offer reliable SAR and
optical imagery, which are frequently used for the mapping of waterbodies (Jiang et al., 2021).
Therefore, the accurate delineation of water areas can be conducted using publicly available
satellite imagery. The Sentinel-1 provides datasets from a dual polarization C-band SAR
instrument, which operates using active microwave sensors (Chen et al., 2021). Its advantages
are that images can be acquired in all weather conditions, both day and night, by SAR sensors.
This enables them to be used effectively for flood monitoring, mapping, and damage
assessment (Pech-May et al., 2023).

Monitoring surface water is a significant focus within remote sensing, where waterbody
extraction can be performed using three methods for SAR data: backscatter thresholding,
random forest (RF) classification, and deep learning-based classification (Saghafi et al., 2021).
An automated classification tree approach can be used to delineate surface water extent from
Sentinel-1 SAR imagery, using training datasets generated from previously developed water-
class masks (Huang et al., 2018). Also, an unsupervised method combining the local Moran
index and morphological closing on Sentinel-1 data can be used to accurately extract inland
waterbodies (Valdiviezo-Navarro et al., 2019). For this thresholding method is required, which
is the most widely used approach for distinguishing water and non-water areas in SAR images
(Liang & Liu, 2020). This method uses the principle where waterbodies exhibit low backscatter
values while the surrounding terrain shows higher backscatter. The effectiveness of these
detection algorithms depends on the land cover types and the topography of the area (Bioresita
et al., 2019). On the other hand, high-resolution multispectral optical images like Sentinel-2
often have the presence of clouds, which can disrupt the observation of water bodies, by
acquiring cloud-free images is quite impossible to acquire cloud-free images, especially in
monsoon seasons (Pech-May et al., 2023). The use of water body indices, such as Normalized
Difterence Water Index (NDWI), Modified Normalized Difference Water Index (MNDWI),
shows that Sentinel-2 imagery provides higher accuracy for water extraction than Landsat-8,
particularly for delineating river features (Li et al., 2021). Also, the NDWI-based method
enhances water features by exploiting differences in reflected green and near-infrared radiation,
while minimizing the influence of soil and land vegetation (McFeeters, 1996). A key limitation
of this approach is that, although non-water features are diminished, they are not eliminated
from the image (McFeeters, 1996). Although Sentinel-2 provides blue, green, red, and near-
infrared bands at a 10 m spatial resolution, the two short-wave infrared bands frequently used
for water index generation are available at 20 m resolution, which partially constrains the
precision of water extraction outcomes. Using only the green and near-infrared bands at 10 m
resolution, the NDWI has been demonstrated to produce significant misclassification errors
(Fisher et al., 2016; Li et al., 2021). In this study, the NDWI method was applied to Sentinel-2
imagery to delineate waterbodies of Hakaluki Haor.
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Bangladesh boasts numerous rivers, lakes, wetlands, Haors, baors, jheels, and beels,
with 373 Haors spanning districts like Sunamganj, Habiganj, Netrakona, Kishoreganj, Sylhet,
Moulvibazar, and Brahmanbaria (Ullah, 2017). Wetlands cover about half the country's land,
roughly 7-8 million hectares-with 7% permanently underwater, 21% facing deep flooding over
90 cm, and 35% experiencing shallow inundation; Hakaluki Haor stands out as one of the
largest (Islam et al., 2018). Thus, continuous monitoring for the sustainability of this Haor is
essential in obtaining the optimal value of it. But seasonality plays a crucial role in determining
the extent of the water body, which also affects the biodiversity of this Haor. So, the extraction
of water extent considering the seasonality for different satellite sensors in these bio-diversified
Haor region can play a vital role in research and monitoring of natural resources. Local
geography, diversity of seasonality, and weather factors might affect the different sensors'
derived output for water body extraction. The objective of this study is to compare the active
sensor of Sentinel-1 and the optical sensor of Sentinel-2 for water extent area delineation in
Hakaluki Haor, emphasizing the seasonality patterns.

2. Materials and Methods
2.1 Study Area

Hakaluki Haor is the largest marsh wetland in Bangladesh and among the most significant
wetland ecosystems in South-East Asia. The areas surrounding Hakaluki Haor are inhabited by
approximately 190,000 people (Hossain, 2013; Ahmed et al., 2015). Hakaluki Haor is situated
in the northeastern region of Bangladesh, extending between latitudes 24°35'N to 24°45'N and
longitudes 92°00'E to 92°08’E (Fig. 1). Bangladesh’s tropical monsoon climate shows seasonal
variations in temperature and precipitation, which divide the year into four main seasons: pre-
monsoon, monsoon, post-monsoon, and winter (Dastour et al., 2025; Islam et al., 2025; Small,
2011). The pre-monsoon season, occurring from March to May, is defined as the transitional
period leading up to the onset of the summer monsoon. It is generally the hottest time of the
year in Bangladesh, when temperatures commonly range between 30 °C to 40 °C and are
frequently accompanied by intense thunderstorms (Dastour et al., 2025; Islam et al., 2025). The
post-monsoon period, spanning October to November, is defined as the transitional phase that
occurs after the withdrawal of the monsoon rains. This season is typically drier than the
preceding months. It is then followed by the winter season from December to February, which
brings comparatively cooler conditions, with temperatures generally ranging between 15 °C to
25 °C (Islam et al., 2025). Recognizing that the hottest and driest months play a crucial role in
shaping agricultural activities, managing water resources, and informing climate adaptation
measures, this study selects March to represent the pre-monsoon season and November to
represent the post-monsoon season. These two months exhibit the greatest variation in
waterbodies within Hakaluki Haor, making them ideal for focused study in the Bangladesh
context. They were specifically selected because Sentinel-2 satellite imagery for these months
provides clear images with significantly lower cloud coverage, allowing for more accurate
analysis.

Protection and improvement of water quality, provision of safe habitats for fish and
wildlife, storage of floodwaters, and maintenance of surface water flow during dry periods are
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considered the major functions of this wetland (Islam et al., 2018). All the characteristics and
functions of a typical wetland are exhibited by Hakaluki Haor, and for this reason, nationwide
recognition has been achieved as an Ecologically Critical Area (ECA) and recognized as one
of the Ramsar sites of international importance for the conservation and sustainable utilization
of wetlands ( Hossain, 2013; Ahmed et al., 2015). Due to its socio-economic importance and
environmental significance, it has been selected as the study area.
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Fig. 1: Map of the study area showing the regional settings and the area of interest
2.2 Satellite data acquisition

Sentinel-1 Synthetic Aperture Radar (SAR) and Sentinel-2 Multispectral Instrument (MSI)
imagery were collected to ensure accurate and seasonally consistent waterbody delineation for
the period 2019-2024. Table 1 summarizes the characteristics and acquisition details of the
satellite datasets used in this study. Sentinel-1 C-band SAR data, with a spatial resolution of 10
m, were acquired from the COPERNICUS/S1_GRD collection and processed using the cloud-
based remote sensing platform GEE. Image compositing is performed by assembling a time
series of images acquired within a user-defined period during the pre- and post-monsoon
seasons and deriving per-pixel mean values from the aggregated dataset for waterbody
extraction (Howe et al., 2022). The study utilizes data from both Sentinel-1A and Sentinel-1B
satellites, which operate in the Interferometric Wide Swath (IW) mode to ensure broad area
coverage. The images were captured in dual-polarization (VV & VH), enhancing the ability to
distinguish between water bodies and other land cover types. With a spatial resolution of 10 m,
the dataset provides detailed insights into water extent variations over time. To capture
representative seasonal hydrological conditions, imagery was specifically selected for March
and November, corresponding to the pre-monsoon and post-monsoon period, respectively. For
each year, all Sentinel-1 acquisitions within the periods 1-31 March and 1-30 November were
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aggregated in GEE to produce monthly mean backscatter composites representing pre- and
post-monsoon water conditions. This compositing approach reduces the influence of short-term
anomalies, speckle noise, and scene-specific acquisition effects, while preserving stable water
signatures at the monthly scale. Sentinel-2A surface reflectance data is obtained from the
“COPERNICUS/S2_SR” collection, provides 10-meter multispectral observations and was
filtered using a cloud-cover threshold of less than 5%. March was used to characterize the pre-
monsoon condition due to typically clear skies, while November was selected for the post-
monsoon period. In this study, an image compositing approach was implemented within the
cloud-based remote sensing platform GEE to efficiently process multi-temporal Sentinel
imagery and generate monthly mean composites for consistent waterbody delineation. For each
year, all available Sentinel-2 acquisitions within the periods 1-31 March and 1-30 November
were aggregated in GEE to generate monthly mean composites, providing consistent and
seasonally representative imagery for pre- and post-monsoon waterbody delineation.

Table 1. Summary of satellite datasets used

Satellite & Data acquisition Data type Cloud cover (%) Resolution
sensor (2019-2024) (m)
Sentinel-1 1-30 November  Mean composite of  Not applicable 10
(C-band SAR) SAR backscatter
(VVIVH)
Sentinel-2A 1-31 March Mean composite <5 10
(MSI) (optical reflectance)

2.3 Data processing

For each study year, mean composite images were generated after several preprocessing steps
to ensure accurate extraction of water extent. In Sentinel-1 imagery, at first, radiometric
calibration is applied to convert raw SAR backscatter values into sigma nought (¢°), making
the measurements physically meaningful and comparable across different acquisition dates
(Small, 2011). Since SAR images are inherently affected by speckle noise due to the coherent
radar signal, speckle filtering is performed using adaptive filters such as the Lee filter, which
reduces noise while preserving important spatial features for flood detection (Lee, 1980). Next,
geometric correction, including terrain correction, is conducted to align the SAR imagery with
a standardized coordinate system and remove distortions caused by terrain variations (Small,
2011). Considering the distinctive backscatter characteristics of water surfaces, a dual-
polarization approach was adopted by integrating both VV (vertical-vertical) and VH
(vertical-horizontal) polarization bands to enhance the accuracy of water body detection. The
use of dual-polarization data allowed for better differentiation between water areas and other
low-backscatter features such as wet soil or vegetation. A mean composite approach was
applied to the Sentinel-2 imagery to remove high outlier pixels caused by clouds and cloud
shadows. Cloud masking was performed as an essential pre-processing step to ensure accurate
waterbody extraction using remote sensing images. In Sentinel-2 imagery, waterbodies were
classified using NDWI values, where pixels with NDW!I greater than O were considered
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waterbodies and those with NDWI less than or equal to O were classified as non-waterbodies.
In this study, surface reflectance images from Sentinel-2 MSI Level-2A (SR) were used to
extract the Green band (B3) and Near-Infrared band (B8) for NDWI calculation, enabling
accurate identification of water bodies.

2.4 Methodology

For this study, Sentinel-1 SAR and Sentinel-2 MSI datasets were used to delineate water extent
in Hakaluki Haor and to evaluate the comparative performance of active and optical sensors.
Waterbody extraction was conducted separately for both sensors. Waterbody extraction was
carried out using a threshold-based classification approach, where pixels exhibiting VV
backscatter values lower than -17 dB were classified as water. This threshold was determined
through trial-and-error specifically for the study area with image histograms analysis, which
are often visually examined to determine threshold values and might vary (Martinis et al., 2015)
Current research provides scarce methodological solutions for deriving water-related
thresholds through statistical analysis of images (Martinis et al., 2015). Water surfaces typically
produce low backscatter values in SAR imagery due to specular reflection, making
thresholding techniques particularly effective for water detection. Owing to their
methodological simplicity and computational efficiency, such approaches are widely used for
SAR-based water extraction. To automate the classification process and determine an optimal
threshold, Otsu’s thresholding method was applied, which minimizes intra-class variance
between water and non-water pixels based on the distinctive backscatter characteristics of
water surfaces (Fig. 2).

SAR Sensor Optical Sensor
——————————————— | ittt ————-hl
Radiometric| Speckle Terrain | Radiometric |[Atmosoheric

GEE Calibration | Calibration !

! —

Calibration Filter Correction

Sentinel-1 Images Sentinel-2 Images
Thresholding |—" l L—l
method NDWI
‘ Waterbody Extraction
\1 Input Phase
Overlappin N
pping Comparison Of Spatial Distribution /) Output Phase

|—| Methods

Fig. 2: Methodological workflow of the study
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In parallel, waterbodies were extracted from Sentinel-2 imagery using the NDWI,
calculated according to Equation (1). Pixels with positive NDWI values (NDWI > 0) were
classified as water, as these values indicate a higher reflectance in the green band relative to
the near-infrared band, a characteristic feature of open water surfaces. Finally, a spatial
comparison was performed using the Intersect tool in ArcGIS 10.7.1 to identify overlapping
waterbodies detected by both SAR and optical datasets. This analysis facilitated the evaluation
of differences in water detection capability, seasonal sensitivity, and the overall suitability of
SAR and optical sensors for waterbody mapping in the study area. Furthermore, it enabled an
assessment of the degree of spatial agreement between the two sensors, thereby supporting the
fulfilment of the study’s final objective.

:(Green — NIR)

NDWI m .......... (1)

3. Results
3.1 Delineation of waterbody

The analysis of water dynamics during the period 2019-2024 shows clear variations in the
seasons and inter-annual changes as obtained by both Sentinel-1 and Sentinel-2 images. The
Sentinel-1 SAR and Sentinel-2 optical satellite data show the low water levels in March (Fig.
a3 and Fig. c¢3) with permanent water features remaining despite drier conditions. The lower
extent for 2021-2022 and greater extent for 2019-2024 matches Fig. 4, where the Sentinel-1
data indicates low levels of water below 60 km? in 2021-2022 and higher levels of
approximately 110 km? in 2019 and 2024, as indicated by Sentinel-2 data. This is because SAR
data can penetrate clouds and vegetation to indicate low water levels, while optical satellite
data indicates clear conditions using NDWTI indices.

The satellite images of November in Fig. 3(b) and Fig. 3(d) from both Sentinel-1 and
Sentinel-2 sensors show maximum inundation with extensive water coverage much larger than
that of the pre-monsoon season. The smaller extent in 2021-2022 is maintained in both,
indicating drier conditions during the post-monsoon periods, while in other years, the area is
larger; 2022 is the lowest point of the year for both. SAR backscatter can differentiate even the
smooth water areas under vegetation, matching optical reflectance. A study shows that in 2022,
global temperatures continued to rise, following the planet’s long-term warming trend. Global
temperatures that year were 1.6 °F (0.89 °C) above the 1951-1980 baseline (NASA, 2022) .
The NASA further indicated that 2022 was one of the sixth-warmest years on record since
1880, reflecting unusually high global surface temperatures (NASA, 2022). The unusually high
temperatures likely accelerated evaporation and might have reduced surface water retention,
explaining the observed minimum low water coverage in 2022. These changes reflect inter-
annual variability in post-monsoon inundation, with some years having extensive surface water
in the Haor, while others have relatively less. However, the post-monsoon period always marks
the peak phase of inundation for all years, with extensive water accumulation in the low-lying
areas of the Haor.
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Fig. 4. Sensor-driven water extent area comparison of Sentinel 1 and Sentinel 2 (2019-2024)

3.2 Comparative assessment of delineated water area

Table 2 shows the overlapping of water extent between Sentinel-1 and Sentinel-2 images during
the pre-monsoon (March) and post-monsoon (November) seasons from 2019 to 2024. It is
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lowest in 2021 and 2022, which is 64.45% and 63.87%, respectively. In contrast, the remaining
years show consistently high overlap values, exceeding 78-91%, which shows a stronger level
of consistency between the optical and SAR datasets. During the post-monsoon season, the
overlap shows higher values across all years, ranging from 80.98% to 95.03% within 2019-
2024, which can be observed as a result of extensive and unified water coverage after monsoon
flooding. On the other hand, during the pre-monsoon period, the overall area detected by
Sentinel-1 and Sentinel-2 is similar, but the overlapping is 63-91%, which is less than the post-
monsoon period. The observed reason is that in the post-monsoon (November) period, when
the water bodies are more continuous, whereas in the case of pre-monsoon (March), it is less
continuous.

Table 2. Overlapping area assessment of Sentinel-2 with respect to Sentinel-1

Overlapping area of water extent (%)

Year Pre-monsoon (March) Post-monsoon (November)
2019 88.60 80.97
2020 83.80 95.03
2021 64.45 81.05
2022 63.86 87.41
2023 78.82 88.69
2024 91.73 91.03
4. Discussion

Analysis of water dynamics in Hakaluki Haor from 2019 to 2024 shows significant seasonal
and inter-annual variations. Water extent reaches its minimum in March and peaks in
November, showing the natural hydrological cycle of Haor, where monsoon precipitation and
runoff drive maximum inundation. Sentinel-1 SAR and Sentinel-2 optical imagery exhibit
strong concordance, with overlap ranging from 63-91% in pre-monsoon periods and 81-95%
in post-monsoon periods. The reduced overlap in 2021 and 2022 (approximately 64%) aligns
with the smaller water extent area during that time period, which suggests that drier conditions
can be attributed to the diversified overall results. This type of seasonal variability highlights
the importance of considering temporal dynamics when selecting a sensor for assessing
wetland water availability and planning for resource management.

However, the waterbody extraction from Sentinel-1 SAR relied on a thresholding
approach determined through trial and error, which is quite simplistic, and the results might be
impacted by the selected images' noise, backscatter variations, and seasonal changes in surface
conditions. Therefore, selecting an appropriate threshold requires subjective adjustment for
each image, which can introduce inconsistencies across time and reduce reproducibility.
Consequently, extreme water levels or mixed land-water pixels may be misclassified, affecting
the accuracy of the derived water extent. Hence, in-depth pixel-based analysis before the
selection of the threshold is recommended for the mapping of water extent with rigorous field-
based approaches. Besides, this study is limited by the field validation, which might affect the

67



Journal of Remote Sensing and Environment, Vol 5, 2026 [Saykot et al., 2026]

estimation of the water body extent from the selected threshold. Nevertheless, despite these
limitations, comparing SAR and optical datasets enhances waterbody mapping accuracy, as
SAR penetrates vegetation and cloud cover, while optical imagery excels under clear-sky
conditions. This multi-sensor fusion enables robust, seasonally resolved monitoring of wetland
dynamics. The findings emphasize the necessity of accounting for both seasonal timing and
inter-annual fluctuations to reliably quantify water extent, with implications for wetland
conservation and hydrological modeling. Seasonal timing, sensor complementarity, and inter-
annual variability must be considered to ensure accurate representation of water dynamics and
support informed decision-making in wetland management and climate adaptation strategies.

5. Conclusions

The difference in consistency of overlapping and total water area extent indicates that the
selection of sensors between these two satellites will not affect the result much for the post-
monsoon season, while it might affect the pre-monsoon period, as waterbodies remain highly
scattered and fragmented. Conversely, in the post-monsoon season, the influence of monsoonal
rainfall leads to widespread inundation and the expansion of continuous water surfaces. Under
these conditions, both Sentinel-2 and Sentinel-1 capture the extended waterbodies more
accurately. For seasonal variation, the results are highly impacted by the amount of rainfall or
seasonal anomaly. The current study used conventional threshold backscatter for Sentinel-1
and NDWI for Sentinel-2 from the expert judgement, which might affect the accuracy of
waterbody extraction. Future studies are recommended to incorporate advanced techniques to
improve waterbody delineation for seasonal variations of Haor wetlands. These types of time
series seasonal monitoring might be effective for understanding these effects on local climate
and water storage pattern analysis. Also, the selection of sensors depending on the seasonality
can affect the analysis, which is portrayed in this study.
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Understanding the spatiotemporal dynamics of Land Use and Land Cover
(LULC), caused by rapid urbanization, is crucial to mitigating the negative
impacts of urban growth, threatening agricultural sustainability and ecological
balance. This research was conducted on the Lower Turag River Basin in the
northwestern region of Dhaka, Bangladesh and aims to quantify the built-up area
changes along with population changes from 2001 to 2021, evaluating the nature
of urban expansion by calculating the ratio between Land Consumption Rate and
Population Growth Rate (LCRPGR) following the Sustainable Development Goal
(SDG) metadata used for the indicator 11.3.1. Here, satellite imagery, including
Landsat 5, Landsat 8, and Shuttle Radar Topography Mission (SRTM) data, was
used in the Google Earth Engine (GEE) platform, where the Random Forest
algorithm was incorporated to classify LULC into five distinct categories. The
high kappa values (>0.87) ensured the accuracy and the reliability of the
classification. The results show that built-up areas increased by 139.39%, while
the total population grew by 163.71% between 2001 and 2021, largely replacing
agricultural land and natural vegetation. The urban expansion outpaced
population growth, with a land consumption to population growth ratio of 1.775
for the period of 2001 to 2011 and 0.513 for the period of 2011 to 2021, indicating
critical urban expansion. Besides, the LULC patterns found that the expansion
occurred towards the north of the Turag basin with high growth of population,
which increased the land consumption. Furthermore, the findings of this study
will help policymakers and researchers to understand the spatio-temporal changes
of urban expansion, population growth, and land consumption with a sustainable
policy framework.

1. Introduction

The urban footprint development is a complex phenomenon that occurs due to the interplay of
demographic, economic, social, and political factors, and it is an important aspect of
determining the changes in the Land Use and Land Cover (LULC) on a global scale
(Mosammam et al., 2017). As demographics predict, by the year 2050, almost seven out of ten
people will be living in cities (United Nations, 2019), which as shown will cause rapid
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urbanization, mainly in the developing world (Melchiorri et al., 2018). Urbanization processes
are influenced by the natural increase of population and migration of people towards urban
incorporation and transformation of rural areas into urban ones, that are more rapid in the

developing countries than the developed ones, which is alarming for sustainable urbanization
(Rahman et al., 2023).

Dhaka is one of the fastest-growing cities, where the constant transformation of
farmland, wetlands, and water bodies into urban locations has reduced green and blue areas
and made the city prone to flooding, waterlogging, and overall ecological collapse
(Moniruzzaman et al., 2020; Mortoja & Yigitcanlar, 2020; Abbasi et al., 2022). The Lower
Turag Basin, located on the peri-urban boundary of Dhaka, has undergone a rapid increase in
population, expansion of settlements and an intensification of industrialization, which has
resulted in the degradation of the freshwater ecosystem and environmental stress (Ghazaryan
etal., 2021). It is important to understand the scale, trend, and effectiveness of the urban growth
in this basin that can help in determining whether it is sustainable in the long run. In many
countries, urban land use has historically outpaced population growth multiple times (three to
five), and it is often called inefficient and unsustainable (Wiatkowska et al., 2021). This
difference highlights the value of Sustainable Development Goal (SDG) Indicator 11.3.1,
which assesses the efficiency of urban land-use by the ratio of the Land Consumption Rate to
the Population Growth Rate (LCRPGR) (Melchiorri et al., 2019; Teklemariam, 2022).
Geographic Information Systems (GIS) and remote sensing offer a powerful method of tracking
these dynamics along with multi-temporal LULC changing patterns and correlating them with
demographic data (Aghlmand & Kaplan, 2021; Kelly-Fair et al., 2022). This has been enhanced
with the creation of Google Earth Engine (GEE), which enables scalable cloud-based
processing of large datasets of satellites through which the transformation of landscapes
through land can be rapidly and reproducibly analyzed (Huq & Rahman, 2022). The use of
GEE in analyzing urban changes in specific areas of study makes it easier to identify the change
in the land cover because of the growth of urbanization, hence its effect on the environment,
like water shortage and pollution. For example, the urbanization process in Dhaka has created
strong links with changes in land cover that have led to reduced green spaces and increased
runoff that worsens the overall water management problem (Mundi, 2019).

The theoretical basis of this research relies on the connection among population growth,
consumption of land, and LULC transition. As the growth of the population increases, the
demand for housing, industry, transport, and services also increases, thus built-up areas expand,
which often replaces the croplands, vegetation, and natural surfaces. SDG Indicator 11.3.1
offers an internationally accepted and uniform measure to determine whether the amount of
land consumed is increasing at a faster rate than population growth, and thus it can be directly
used to measure urban sustainability. Despite extensive work on Dhaka’s urbanization,
flooding, environmental degradation, and general land cover change, the Lower Turag Basin
remains understudied as a socio-ecological system. Limited or no prior research has quantified
land-use efficiency in this basin with respect to SDG 11.3.1. Existing studies do not integrate
grid-based population disaggregation with multi-temporal built-up mapping, nor do they
employ GEE-based LULC analysis aligned with UN-Habitat methodologies for SDG
monitoring. This creates a crucial research gap about the rate at which the Lower Turag Basin’s
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fertile land is being consumed in comparison with its population strains; such understanding is
vital in sustainable planning and control.

Considering these research gaps, the current research combines multi-decadal LULC
mapping with population disaggregation and SDG-consistent LCRPGR evaluation to analyze
the efficiency of land-use in the Lower Turag Basin. In particular, the study will (a) quantify
spatio-temporal LULC changes from 2001 to 2021 using satellite imagery and Random Forest
classification in GEE and (b) assess the land consumption to population growth ratio
(LCRPGR) to assess the sustainability of urban expansion in accordance with SDG Indicator
11.3.1. In such a comprehensive way, the research will offer an in-depth evaluation of the
interaction between land and population dynamics within one of the fastest-developing peri-
urban basins in Dhaka, Bangladesh.

2. Materials and Methods
2.1 Description of the study area

The study area is the lower part of the Turag Basin, most of which falls into the Northwestern
part of Dhaka city, and a small portion of it also falls into the Gazipur district. Both districts
are part of the Dhaka division, the central part as well as the capital of the country of
Bangladesh, and their absolute location extends from 24°0'20.51"N to 23°45'38.20"N latitude
and 90°14'48.72"E to 90°24'48.65"E longitude (Fig. 1). The Bangshi River is the upper
tributary of the Turag River (Alam, 2003) and forms at the foot of the Madhupur tract. It is a
tide-influenced river that passes through the north-west and north of Dhaka City (Choudhury
& Choudhury, 2004). After passing through the west of Gazipur City Corporation (GCC) and
Dhaka North City Corporation (DNCC), the Turag River falls into the Buriganga River (Alam,
2003). It joins the Buriganga at Mirpur in Dhaka district. The Turag River connects with the
Balu River through the Tongi Khal (Uddin, 2005). The entire basin of the Turag represents a
semi-funnel shape, and the catchment is situated in the central and southern region of the
Madhupur tract, and the river flows from north to south throughout the basin (Pour and Oja,
2021).

The SRTM Digital Elevation Model (DEM) of the study area reveals the basin's highest
elevation, which is at about 55 meters and is located significantly in the southwestern and
northern regions (Fig. 1). On the contrary, the lowest elevation is predominantly concentrated
in the central part encompassing the main river channel. The total area of the Turag River is
about 631 sq.km (Uddin, 2005). Here, the Lower Turag River basin is considered from the
Kodda Bridge in Tangail to the confluence of the Turag and Buriganga rivers. This portion
covers roughly a total area of 252 sq.km, which includes 11 Unions having 88 Mauzas and 42
Wards comprising 199 Mauzas.
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Fig. 1. Map of the study area showing the topographic information derived from SRTM DEM

2.2 Data acquisition

Remote sensing can effectively capture spatial and temporal dynamics of urban expansion,
providing detailed insights into land consumption patterns (Jahan et al., 2021; Cuypers et al.,
2023). Landsat imagery, generally having 30 m resolution and freely available data over a large
period of time, is efficient to track urban growth, demonstrating how LULC modeling can
forecast future urbanization scenarios, which is vital for sustainable land management (Amani
et al., 2020). The GEE facilitates the processing of large datasets, such as those from Landsat
and Sentinel satellites, making it an ideal environment for remote sensing applications,
including LULC classification (Mutanga & Kumar, 2019; Tabunshchik et al., 2023). The study
was purposely commenced from 2001 to 2021, as it aligns with the population data from the
census survey, namely ‘Population and Housing Census’, held under the Bangladesh Bureau
of Statistics (BBS) at an interval of 10 years. The first census after the Liberation War was in
1974 instead of 1971 due to the War, followed by 1981, 1991, 2001, 2011, and 2022 (scheduled
for 2021, but delayed one year due to Covid 19) (Census, 2023).

For this study, we extensively used population data from the Census 2001, 2011 and
2022. Alongside, multispectral satellite imagery was imported into the GEE platform from the
archives to analyze LULC changes in the study area over 20 years. Hence, both the Landsat 5
Thematic Mapper (TM) and Landsat 8 Operational Land Imager (OLI), Collection 2 Tier 1
calibrated top-of-atmosphere (TOA) reflectance data from USGS/GEE archive were used to
produce the LULC map. Landsat 5 TM imagery was used for the earlier period, while Landsat
8 OLI imagery was used for the later period. To minimize the influence of seasonal variation
and cloud contamination, images from the dry season (November—December) were selected.
For each reference year (2001, 2011, and 2021), a temporal composite was generated in GEE
using cloud-masked scenes within the selected date range. Cloud and shadow pixels were
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removed using the Landsat quality assessment (QA) band, and a median composite was
produced to generate a representative cloud-free image for classification. All images have a
spatial resolution of 30 m and were processed within the GEE platform for further analysis.
The post-monsoon period in Bangladesh is characterized by reduced cloud cover, lower
atmospheric moisture, and stabilized land surface conditions following monsoon recession.
Selecting a uniform seasonal window enhances spectral separability of land cover classes and
ensures reliable multi-temporal comparison of LULC dynamics. The SRTM DEM data is used
to delineate the basin area of the Lower Turag River (Table 1), which proves its validity and
reliability for hydrological applications. The drainage networks and watershed boundaries are
extracted using hydrological tools in the GIS (Mishina et al., 2015; Rastogi et al., 2018).

Table 1. Datasets used in this study

Data type and source Dataset/product Years Spatial
resolution/unit
Satellite imagery Landsat 5 TM; Landsat 2001, 2011, 30m
(https://earthexplorer.usgs.gov/) 8 OLI (Collection 2 Tier 2021
1 TOA Reflectance)
Elevation data Shuttle Radar Base DEM  30m
(https://earthexplorer.usgs.gov/) Topography Mission
(SRTM)
Hydrographic data (Lehner et HydroSHEDS Base map Vector river
al., 2008) (HydroRIVERS) stage network (line
features)
Population data (BBS, 2003; Population and Housing 2001, 2011, Census
2015; 2023) Census 2001, 2011 and 2022 administrative
(https://bbs.gov.bd/) 2022 unit / mauza-
level tabulation
Ancillary / reference data Google Earth Pro, Field- reference Point
based data years observations

2.3 Supervised image classification

Images having cloud cover, which is less than 5%, have been accepted firstly and the outer
boundary of the image was set based on the produced shape file of the Lower Turag basin from
SRTM DEM data. Supervised image classification was employed using the Random Forest
(RF) machine learning algorithm, which can handle high-dimensional data, and it is considered
a robust classifier for image classification (Lai et al., 2022). Moreover, RF can accommodate
both continuous and categorical variables, which is essential for LULC classification where
various land cover types must be distinguished (Akumu et al., 2021). In terms of Random
Forest’s application to satellite imagery, studies have revealed that it performs better than other
machine learning classifiers, such as Support Vector Machine (SVM) (Stehman, 2009;
Prayogo, 2021). Therefore, using Random Forest (RF) classifier, LULC maps have been
generated for the years 2001, 2011, and 2021. The LULC classes that were identified are built-
up areas, seasonal cropland, natural vegetation, open space, and waterbodies (Table 2).
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Table 2. Thematic description of the LULC classes

LULC class Thematic descriptions

Built-up Impervious areas, occupied by residential houses and other buildings.

Seasonal cropland  Areas of land ploughed/prepared for growing crops, including fallow
plots.

Natural vegetation ~ Land covered with a tree canopy or dominated by grass, bushes that
were not primarily under cultivation

Open space Bare landscape dominated by soil and outcrops, with very few plants
and no trees
Water bodies Areas of land covered with water (ponds, lakes, and rivers, etc.)

2.4 Accuracy assessment

We took a total of 500 ground truth points, which were selected based on extensive field survey,
consulting with local people, and extracting points from Google Earth Pro. The samples were
selected using a stratified random sampling approach across the five LULC classes to ensure
adequate representation of each category. Among the total samples, 70% were used as training
data for the RF classifier, and the remaining 30% were used for validation. Confusion among
land types, such as vegetation, exposed soil, fallow cropland, and built-up surfaces, is usually
a problem with moderate-resolution Landsat images. To reduce this confusion, key spectral
indices, including Normalized Difference Vegetation Index (NDVI), Normalized Difference
Built-up Index (NDBI), Modified Normalized Difference Water Index (MNDWI), and Soil
Adjusted Vegetation Index (SAVI), were incorporated. To reduce cloud cover and seasonal
variability, dry-season median composites (November—February) were taken. Water pixels
within the MNDWI thresholds were used to isolate water pixels, whereas the SWIR and NDBI
were used to enhance the discrimination between the impervious surfaces and the bare soil.
The Random Forest classifier was trained using 100 decision trees. Across the reference years
2001, 2011, and 2021, the overall classification accuracy was 96%, 91%, and 90%,
respectively, while the kappa coefficients were 0.95, 0.89, and 0.87. These results indicate a
strong agreement between the classified maps and reference data, confirming the reliability of
the LULC classification.

2.5 Detection of land use and land cover changes

Using the remap function, recategorization of the land cover maps has been done for the years
2001, 2011, and 2021. This allows one to compare across time within the five original classes
(Co, C1, C2, C3, C4) consistently with five new codes equivalent to (1, 2, 3, 4, 5). After that,
two reclassified images are combined to identify the land cover transitions from 2001 to 2011
and from 2011 to 2021. To differentiate between each change pattern, a “Transition” code is
then generated using the multiply(100).add() operation for the respective years. Subsequently,
the transition matrix is used, which defines the frequency of each transition type active within
the specified geometry region. This matrix gives an aggregate of all associated movement
within the study area. To calculate the area of the space that would correspond to each
transition, the code generates an image layer, and the pixel area is calculated, which then
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calculates the total area for each transition type by summing pixel areas within each unique
transition category. Then, a summary of transition areas (in square kilometers) for each change
type is produced using a grouped-sum reducer in GEE.

2.6 Population raster validation and allocation

For distributing population to each region, mauza-level population is distributed to the built-
up area of each mauza, as residents are mainly concentrated in residential and mixed-use built-
up zones rather than other land types (i.e., waterbody, cropland, or bare land). This reduces the
spatial errors which are common in the uniform areal-weighting approaches. Using fishnet, 1
km? grid cells are created and overlaid on the study area. Based on the percentage of built-up
areas in each grid, the proportional distribution of population is calculated and distributed
among those grids across the study area. The gridded data were checked by comparing the
aggregated grid level sums with the official mauza census data, and the results indicated a
disparity of less than 0.5%. This reaffirms the fact that the proportional allocation method gives
adequate estimates when calculating LCRPGR.

2.7 Land consumption rate to population growth rate (LCRPGR) calculation

The Land Consumption Rate (LCR) and Population Growth Rate (PGR) across the Turag River
basin were calculated from 2001 to 2011 and 2011-2021, following the methodology
recommended for SDG Indicator 11.3.1 by UN-Habitat and the United Nations Statistics
Division (UN-Habitat, 2018; UNSD, 2021). The formulation of LCR and PGR follows the
standard SDG 11.3.1 framework and is consistent with our previous study, where a similar ratio
was applied to assess agricultural land consumption relative to population growth (Malek et
al., 2024). As the metadata suggests decennial interval for the estimation, that is why 2001,
2011, and 2021, having a 10-year interval, have been taken here for detecting the temporal
changes of LULC. However, the population data is available from the Population and Housing
Census survey for the years 2001, 2011 and 2022. There is a one-year mismatch between the
2021 built-up dataset and the 2022 population data, which is acceptable within a decadal
interval and does not affect annualized LCR or PGR computations. Moreover, SDG 11.3.1
allows using the closest available years. Based on the Land Use Efficiency calculation, we
classified the entire area into urban center, urban cluster, and rural grids following the UN-
Habitat-provided definition.

Land Consumption Rate (LCR) = Vpresent-Vpast o L ... (1)

Vpast ®
Where, Vyresent 15 the total built-up area in the current year; V.t is total built-up area in the past
year; t is the number of years between Vyresenr and Vpas: (or length in years of the period
considered)

Population Growth Rate (PGR) = w ......... (2)

Where, LN is the natural logarithm value; Pop: s the total population within the urban area/city
in the past/initial year; Pop:+, is the total population within the urban area/city in the
current/final year; y is the number of years between the two measurement periods
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LCRPGR/LUE = (

Land Consumption rate)
Population growth rate

The overall formula is based on EUC (2020) and can be summarized as:

Vpresent—Vpast " 1)

LCRPGR = ( Vpast T

2.8 Grid classification method

Based on the definition of the degree of urbanization provided by UN-Habitat, the following
three types of grid cells have been acknowledged. An urban center (high-density cluster)
consists of contiguous grid cells with a population density of at least 1,500 people per sq.km
and a total population of at least 50,000. In terms of an urban cluster, it is defined as contiguous
grid cells with a population density of at least 300 people per sq.km and a minimum population
of 5,000. Grid cells that do not meet these criteria are classified as rural cells, generally
characterized by population densities below 300 people per sq.km (Karakus et al., 2017).

Table. 3 Urban—rural classification based on population and built-up criteria

Grid Type Logic (Degree of Urbanization)
Urban Center 717
1 Km 1 Km s s s
ol I TOTAL
. 7 POPULATION
'iii' Built-up > 50.000
>1.500 PR >50% AR tl¢ INHABITANTS
contiguous grid cells
. hl.E.OO 5(;0/9ltshare = (4-connectivity, gap filling,
alats :anzts wl —ug on median filtering) with minimum
peLis a7 population of 50.000 inhabitants
of land
Urban Cluster
1 Km 1 Km
— ! 1 | 7“71\ TOTAL
28 ' Built-up =131 z| POPULATION
AND [N AND IV IVITV] > 5.000
>300 \ 1 l INHABITANTS
300 3% share of contiguous grid cells
inhabitants Built-up on . __ (4-connectivity)
onland land with minimum population of 5.000
inhabitants
Rural
1 Km §
[#]¢
@
1] AND single or contiguous grid cells
with total population of less than

5.000 inhabitants
cell on land

Source: European Commission, Joint Research Centre (JRC), GHSL, 2024.
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3. Results
3.1 Land cover dynamics over two decades (2001-2021)

The substantial temporal dynamics in LULC for two decades are discussed in Fig. 2. Analysis
of land use in 2001 revealed that the study area is predominantly agricultural land, which covers
131 sq.km (51%), while built-up area was only 41.8 sq.km (16%). Waterbodies comprised at
least 17 sq.km, or as 7% of the area. Essentially, the amount of open space and natural
vegetation was larger than the water body area and covered about 25 sq.km (10%) and 38 sq.km
(15%), respectively. The status in 2011 revealed that agricultural land has significantly reduced,
while the built-up areas have grown significantly. Agricultural land was reduced to 99 sq.km,
representing 39% of the area and the built-up areas increased to 82 sq.km or 33%. Other types
of land and vegetation also registered small expansion, with waterbodies occupying 18 sq.km,
while open spaces occupied 30 sq.km. But then they noted that natural vegetation shrank to 22
sq.km during the same period of time. Finally, in 2021, the built-up area continued to expand
and covered 40% of the lower Turag Basin, having an area of 100 sq.km, while the reduction
of agricultural land to 82 sq.km was seen. Over the years, water bodies and open space also
decreased, while the vegetation cover has expanded. Along with other notable transformations,
17 sq.km of agricultural land from the year 2011 has transformed into natural vegetation in
2021.

LULC Area Coverage and Changes Over Time
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Fig. 2. The LULC area coverage and changes over the period (2001-2021). The positive
changes suggest an increase/gain and the negative values indicate a decrease/loss in the status
of land use types.

3.2 Accuracy assessment of LULC

The accuracy assessment result of the overall categorization for the years 2001, 2011, and 2021
is between 87 to 95%. Kappa values above 0.8 are often interpreted as indicating "almost
perfect" agreement, while values between 0.6 and 0.8 suggest substantial agreement. Moreover,
a Kappa coefficient above 0.8 signifies a robust classification (Fernandez & Morales, 2019).
Here, all the classified images have shown a kappa coefficient above 0.80. The Kappa accuracy
for the maps of 2001, 2011, and 2021 is 0.95, 0.89, and 0.87, respectively. Here, the overall
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accuracy is also high, having 0.96, 0.91, and 0.90 for the maps of 2001, 2011, and 2021. A
limited field validation was conducted in Savar Upazila to verify selected land use classes.
Though extensive field surveys across the entire basin were not possible due to logistical
constraints; therefore, additional validation points were derived from high-resolution Google
Earth imagery and local knowledge. However, it is assumed that there is a strong relationship
between the classified image and the field-based observation.

3.3 Population and built-up area distribution

The population density gradients and spatial concentration patterns are interpreted to explain
high-growth hotspots and low-density zones (Fig. 3). Here, based on the range of population
point density values, population is distributed into 10 classes with an interval of 20,000. In the
year 2001, the level of overall population densification was relatively low, and most of them
were concentrated in the southeast part of the study area. However, by 2011, signs of an
increase were clearly visible, especially in the southern parts of the basin, representing Dhaka
North City Corporation (DNCC) and a very small portion of Gazipur City Corporation (GCC).
In the map of the 2022 population density distribution, a sharp increase in population all over
the surrounding area and especially the southwestern portion was observed.

The gradual intensification of the process of urbanization was shown in Fig. 4. The
built-up density was quite low in the year 2001, still the area with high density, 0.9 to 1.2 units,
was observed only in the north-eastern part of the DNCC within the study area. However, from
2011, there are signs of urbanization towards the north from the existing high-density urban
area in 2001, creating a built-up area belt which became extremely dense by the end of the
latter decade. With urbanization expected to increase by 2021, most of the southern part of
Savar Upazila has been transformed into an urban fabric as a result of industrial growth and
real estate development alongside population growth.

Population Density Distribution
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Fig. 3. Map of population density distribution
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Built-up Area Density Distribution

2001 i’ 2011 ? 2021
SJ
\
5
{
F

LEGEND o
Built-up Area Density Gazipur ==
i rporation

C_—

“_ Turag River 4\_:
:] <0.3 L Dhaka
North City

\:] 03-06 Corporation [ |

Savar
l:l 06-09 Upazila 0 2 4 8
Il os-12 Kilometers
-2 i

Fig. 4. Built-up area density distribution over time
3.4 Grid classification and transformation

The identification of grid cell transformations, presented in Table 4, in the study area over a
period of twenty years reflects an extremely dynamic urbanization process due to escalating
population density and rapid increase of infrastructure. The information shows that the portion
of Rural grids has decreased from 39% in 2001 to only 15% in 2021, while that of the Urban
increased from 36% to up to 76% in the same year showed in Table 4. This shift is more
evidenced by the changing spatial proportions of urban growth and the consequent reduction
of rural territory. During the period from 2001 to 2011, most of the transformations occurred
in the central rural grids of the study area, where the population increased rapidly, leading to a
rise in built-up areas. Between 2011 and 2021, this entire area transformed into a city, with
each grid now appearing as part of the urban landscape. (Fig. 5). The grid classification was
derived by overlaying the built-up density layer (Fig. 4) with population thresholds defined
under the degree of urbanization framework. The full methodology to assess the degree of
urbanization and classify each cell as Urban Center, Urban Cluster, and Rural in Fig. 5 is
described in the supplementary document.

Table 4. Different types of grid count in percentage within the study area

Grid type (%) 2001 2011 2021
Rural 39 27 15
Urban Center 36 67 76
Urban Cluster 25 6 9
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Fig. 5. Grid classification map of lower Turag Basin

The changes in the intensity and dynamism of the land grid cells in the study area over
two decades, based on the degree of urbanization has been presented in Fig. 6. It employs forms
and color codes to present some of the transformations. The red grids depict regions that were
rural in 2001, though have urban regions in 2021. Fig. 6 presents the spatial stability and
transformation of 1 sg.km grid cells classified according to the Degree of Urbanization
framework provided by UN-Habitat. The small inset map (top-left) summarizes the overall grid
dynamics into two broad categories: Stable grids (yellow), which retained the same
classification between 2001 and 2021 (i.e., rural remained rural, urban cluster remained cluster,
and urban center remained center), and Dynamic grids (pink), which experienced at least one
category change during the study period. This inset provides a simplified overview of spatial
stability versus change. The larger map expands this classification into six detailed
transformation types. Stable grids are subdivided into three subclasses representing grids that
consistently remained (i) rural, (ii) urban cluster, or (iii) urban center over the entire period.
Dynamic grids are also divided into three subclasses based on the direction of transition: (i)
rural to urban center (shown in red), indicating rapid urban intensification; (ii) urban cluster to
urban center (orange), representing progressive densification and outward expansion from
existing cores; and (iii) mixed or reverse transitions (yellow), reflecting haphazard or non-
linear development patterns. These mixed transitions occur due to the redistribution of
population within built-up areas during proportional grid-based population allocation. Since
population is strategically disaggregated according to built-up density within each grid, some
cells exhibit apparent shifts (e.g., center to cluster or cluster to rural) driven by internal
demographic redistribution rather than physical land reversion. Therefore, the small and large
maps present the same dataset at different levels of aggregation: the inset shows overall stability
versus change, while the main map details the specific transformation trajectories and intensity
of urban restructuring across the Lower Turag Basin.
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Fig. 6. Grid transformation within the study area (2001-2021)

3.5 Ratio of land consumption rate to population growth rate

The relationship between land consumption and population growth in the study area over three
distinct years: 2001, 2011, and 2021, is clearly visible in Table 5. The value obtained from the
calculation of LCRPGR is a meaningful figure offered by the UN-Habitat to arrive at SDG
Indicator 11.3.1. The value of more than 1 indicates that land consumption is outpacing
population growth. On the other hand, a value below 1 shows efficient land use of the area
under consideration. The population density has grown tremendously over the years, from
roughly 1.9 million in 2001 to more than 5 million in 2022, which was used for the 2021
analysis, because the 2021 census was delayed. As the urban extent grows, the built-up area
per capita changes, reflecting how land is allocated on a per-person basis. Between 2001 and
2021, the built-up area increased nearly double and reached at 96.2 percent, which indicates
intense expansion of urban areas. Likewise, a higher LCR means the accelerated use of land,
converting other areas into impervious areas. Built-up area increased from 41.97 sq.km in 2001
to 100.45 sq.km in 2021, corresponding to a 139.39%. Similarly, the population increased from
1,908,148 to 5,031,092, representing a 163.71% increase over the same period. In the period
between 2001 and 2011, the PGR was higher and recorded 5.4 percent. However, for the period
between 2011 to 2022, the growth rate reduced to 3.8 percent. The highest LCRPGR of 1.775
between 2001 and 2011 suggests that land consumption far outpaced population growth. Over
time, the pattern of urbanization changed from uncontrolled to a relatively controlled type,
where the LCRPGR decreased to 0.513 in 2021. Though the built-up area continued to grow,
the rate of its growth was slower than the rate of population growth. Thus, the first decade
reflects unsustainable land consumption (LCRPGR > 1), whereas the second decade shows
improved but still evolving land-use efficiency (LCRPGR < 1).
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Table 5. Land consumption rate to population growth rate

Year Population Built- Built-up Built-  Built- LCR PGR LCRPGR

up Area Area (m?) up up (annual)
(sg.km) Area  Change

per (%)

Capita

(m?)

2001 1,908,148 41.97 41,967,694 21.993 - - - -
2011 3,282,034 82.37 82,371,226  25.097 0.962  0.096 0.054 1.775
2021 5,031,092 100.45 100,455,421 19.966 0.219  0.019 0.038 0.513

4.0 Discussion
4.1 Urban morphological dynamics

In the case of the Lower Turag River Basin, the entire area was predominantly rural with most
of the land occupied by seasonal croplands, except the southeastern part having small area of
urban fabric which has transformed into a completely urban agglomeration within two decades.
The LULC transformation over two decades gives us a crystal-clear message that agricultural
land is consumed faster than any other land type, and the built-up area is expanding at a frenetic
pace. Every other land type is being reduced over time except built-up. Though the early decade
depicted the increase of barren land with a slight increase of water bodies, which later reduced,
and the latter decade shows a dramatic escalation of the natural growth of vegetation. This
anomaly has a deep-rooted, strong connection. This seeming paradox is mostly attributed to
transformations in cropland. Many croplands that had been productive in the first decade
slowly turned barren due to constant industrial pollution, especially by the brickfields,
tanneries, and garment-processing plants along the basin. With the reduced productivity of the
soil, a high proportion of farmers abandoned agriculture to turn to industrial jobs. Fallow lands
were then left idle, and, in the process, the natural vegetation and shrub cover grew. These
regenerated fallow lands had higher NDVI values, which were categorized as vegetation during
the latter decade. The vegetation growth in 2011-2021 is an indication of the natural vegetation
regeneration on abandoned and degraded farmlands, not an indication of improved ecological
conservation. Lambin and Meyfroidt (2010) identified the regeneration of vegetation on
abandoned agricultural land as a key component of vegetation transitions driven by
socioeconomic shifts, such as economic development.

The built-up area and population density distribution in 2001 reflect early phases of
urban growth, which belong to DNCC at present, and highly populated areas are spreading
more widely across the southern regions, mostly, however, also increasing towards the north
and east, indicating rising demand for residential and commercial spaces. Lower concentration
of population and a slower pace of urbanization have been shown in the central portion of the
study area along the banks of the Lower Turag River. A sharp spatial alignment between
population and impervious area expansion pattern is visible, where moderate to high density
areas were extending from the high density /core area in DNCC towards Gazipur City
Corporation. This clear visualization of a south-to-northward directional transformation of the
city area is also evident from previous studies (Dewan and Yamaguchi, 2009). This
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urbanization was triggered by the prior population growth and their growing need for
residential and commercial demands, which required improved connectivity and transportation
facilities. Alongside, the southern and central portions of the basin have experienced intensified
industrial expansion, where export-processing zones, garment factories, and ancillary services
have attracted large volumes of migrant labor. These drivers explain the intense increase in
built-up area and the high LCRPGR value during the first decade. These results are consistent
with findings from other rapidly urbanizing regions, where early stages of urban growth are
often characterized by high land consumption rates followed by gradual densification (Angel
et al., 2011; Melchiorri et al., 2019)

4.2 LCRPGR in urban sustainability

The land consumption and population dynamics highlight important implications for urban
sustainability in relation to SDG Indicator 11.3.1. The high LCRPGR value during 2001-2011
indicates inefficient land use and rapid urban sprawl, while the reduced value in the following
decade reflects a relative improvement in land-use efficiency. However, the continued
expansion of built-up areas into agricultural and ecologically sensitive zones signals ongoing
pressure on food security, flood regulation, and environmental stability. These findings suggest
that although urban growth has become somewhat more efficient, the pace and pattern of
expansion still pose challenges for achieving sustainable land-use configurations in the basin.
Moreover, the transforming grids are most noticeable in the southern and central parts of the
study area close to the Lower Turag River, visible in Fig. 6. The availability of water has been
instrumental in the expansion, hence leading to the conversion of rural land to urban use. The
spatial patterns of land conversion reveal clear gaps in urban planning and regulatory
enforcement. Areas designated as flood retention zones and ecological buffers in planning
documents have undergone significant encroachment, reflecting weak implementation of land-
use rules. These trends underscore the need for stronger integration of geospatial monitoring
tools, such as LCRPGR-based assessments, into regular planning workflows. Improved zoning
enforcement, compact development strategies, and protection of agricultural and wetland zones
will be critical for managing future growth while reducing exposure to flooding and ecological
degradation.

Interpretation of the detected patterns should consider certain limitations. Moderate-
resolution Landsat imagery may obscure fine-scale heterogeneity, and misclassification
between bare soil, fallow cropland, and built-up surfaces remains possible in densely changing
environments. Logistical constraints to conduct extensive field surveys were another limitation.
Population estimates rely on decadal census data, with the most recent count offset by one year
from the 2021 LULC dataset, although this discrepancy is minimal for annualized change
computations. Future assessments could benefit from integrating higher-resolution imagery,
multi-source datasets, and more frequent population updates to reduce uncertainty.

5. Conclusions

This study examined the spatio-temporal dynamics of urban morphological change in the
Lower Turag River Basin between 2001 and 2021 using multi-temporal Landsat imagery
processed within the GEE platform. The results reveal a substantial expansion of built-up areas,
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largely driven by population growth, industrial development, and increasing demand for
residential and commercial land. This rapid urban expansion has occurred primarily at the
expense of agricultural land and natural vegetation, highlighting growing pressure on land
resources and potential environmental consequences. Specifically, built-up areas increased by
139.39% between 2001 and 2021, while the population grew by 163.71%, reflecting intense
urban transformation and land conversion dynamics. The analysis of LCRPGR indicates that
urban land consumption exceeded population growth during the early decade (2001-2011),
suggesting inefficient land use and unsustainable urban sprawl during the early phase of
development. Although the LCRPGR value decreased in the following decade (2011-2021),
indicating relatively improved land-use efficiency, continued encroachment of built-up areas
into agricultural and ecologically sensitive zones remains a concern. The shift from an
LCRPGR value of 1.775 (2001-2011) to 0.513 (2011-2021) indicates a transition from highly
inefficient land consumption toward relatively improved, yet still evolving, urban land-use
efficiency. Besides, this study demonstrates the effectiveness of GEE for analyzing long-term
LULC changes and monitoring urban growth dynamics using cloud-based geospatial
processing for understanding urbanization patterns and supporting evidence-based land-use
planning. These findings directly reflect the performance of SDG Indicator 11.3.1, highlighting
the imbalance between land consumption and population growth in rapidly urbanizing peri-
urban regions. Overall, the findings highlight the need for sustainable urban development
strategies, including improved land-use planning, protection of agricultural and wetland areas,
and stronger enforcement of zoning regulations. Furthermore, integrating geospatial
monitoring approaches such as LCRPGR-based assessments into urban management
frameworks can support more balanced and sustainable urban growth in rapidly developing
regions like the Lower Turag River Basin. Future research could incorporate higher-resolution
datasets, more frequent population updates, and expanded field validation to further refine
assessments of urban land-use efficiency and environmental impacts.
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