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Abstract

Bangladesh is highly susceptible to land use land cover (LULC) changes due to its geographical location. 
These changes have significant e ffects o n f ood s ecurity, u rban d evelopment, a nd n atural resource 
management. Policy planning and resource management largely depend on accurate and detailed 
LULC maps. However, Bangladesh does not have its own national scale detailed high-resolution LULC 
maps. This study aims to develop high-resolution land use land cover (HRLULC) maps for Bangladesh 
for the years 2020 and 2023 using a deep learning method based on convolutional neural network 
(CNN), and to analyze LULC changes between these years. We used an advanced LULC classification 
algorithm, namely SACLASS2, that was developed by JAXA to work on multi-temporal satellite data 
from different sensors. Our HRLULC maps with 14 categories achieved an overall accuracy of 94.55%
± 0.41% with Kappa coefficient 0.93 for 2020 and 94.32% ± 0.42% with Kappa coefficient 0.93 for 2023, 
which is higher than the commonly accepted standard of around 87% overall accuracy for 14 category 
LULC map. Between 2020 and 2023, the most notable LULC increase were observed in single cropland 
(17% ± 4%), aquaculture (20% ± 5%), and brickfield (56% ± 2 5%). Conversely, decrease occurred for 
salt pans (47% ± 16%), bare land (24% ± 3%), and built-up (13% ± 3%). These findings offer valuable 
insights into the spatio-temporal patterns of LULC in Bangladesh, which can support policymakers 
in making informed decisions and developing effective conservation strategies aimed at promoting 
sustainable land management and urban planning.

Keywords: land use land cover (LULC); convolutional neural network (CNN); sentinel-2, palsar-2; 
sentinel-1; change detection; Bangladesh

1. Introduction
High-resolution land use land cover (HRLULC) maps provide clear advantages over coarse or

moderate-resolution maps, especially in highly fragmented landscapes like Bangladesh. Bangladesh is
predominantly characterized by flat terrain formed from the alluvial floodplains of numerous rivers,
making it one of the most disaster-prone countries in the world [1–3]. The country experiences a wide
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range of natural hazards, including tropical cyclones, floods, tornadoes, sea-level rise, soil saliniza-
tion, storm surges, droughts, and heatwaves [4,5]. In addition to these environmental challenges,
Bangladesh faces a significant demographic pressure due to its persistent population growth [6–8].
Together, frequent natural disasters and rapid population expansion are the primary drivers of LULC
changes in the country. An accurate HRLULC map is essential for assessing ecosystem and biodiversity
risks, ensuring food security, mitigating natural hazards, and supporting effective urban planning
and sustainable development [9–11]. It also provides critical insights into a range of human-induced
processes, including climate change [12], urban expansion [13], changes in terrestrial carbon storage
[14], occurrence and impacts of natural disasters [15], and the development of effective mitigation
and adaptation strategies [16]. As such, LULC maps serve as indispensable tools in environmental
modeling, facilitating the understanding of both natural and socio-economic processes. However, the
accuracy and reliability of these maps are heavily influenced by the quality and nature of the data used
in their development.

Satellite imagery is a widely used and reliable data source for mapping LULC [17]. Single-
temporal datasets often lack sufficient information to capture the dynamic processes of LULC. In
contrast, multi-temporal LULC mapping can address these limitations by incorporating temporal
variability to provide better classification accuracy [18–20]. In recent years, deep learning particularly
Convolutional Neural Networks (CNNs) has demonstrated strong performance across various appli-
cations, including image classification [21–23], object detection [24], semantic segmentation [25,26],
and even pixel-level LULC classification [27,28]. CNNs are well-suited for satellite imagery due to
their ability to process multi-dimensional spatial data efficiently [29]. However, conventional CNNs
typically perform convolutions along the spatial dimensions of single-time-point imagery, which
limits their ability to capture detailed LULC patterns and temporal dynamics. To address this, Hi-
rayama et al. (2022) developed SACLASS2 [30], a CNN-based classification framework that integrates
multi-temporal satellite imagery with down-sampling and fully connected layers for pixel-based clas-
sification to preserve spatial detail and improve accuracy. This method has previously been applied to
generate 12-category HRLULC maps for Japan [30] and Vietnam [31], achieving high overall accuracies
of 88.85 % and 90.5 %, respectively.

Several global LULC datasets such as Esri Land Cover [32], ESA WorldCover [33], and Dynamic
World (DW) [34] are publicly available. However, their accuracy and consistency often vary across
geographic scales, from continental to national and regional levels [35]. A common limitation of these
global products is their LULC classification system offering a limited number of categories, which
restricts their applicability for local-scale planning and environmental assessment. Consequently, their
performance is often inadequate in ecologically diverse and heterogeneous regions. To overcome these
limitations, the development of country-specific, high-resolution LULC maps is essential for accurate
land resource monitoring and evidence-based policymaking.

Bangladesh lacks an up-to-date, national-scale, high-resolution time-series-based LULC dataset.
The only major national initiative to date is the Land Cover Atlas of Bangladesh 2015 [36], developed
using commercial SPOT satellite imagery under the project Strengthening National Forest Inventory
and Satellite Land Monitoring System in support of REDD+. However, the atlas has not been updated
since its release, significantly limiting its potential for up-to-date land use planning, environmental
monitoring, and policy development. In the last decade, several studies have produced small-scale or
region-specific LULC maps for various parts of Bangladesh, primarily using single-temporal, moderate
or coarse-resolution satellite imagery. These include efforts focused on Greater Dhaka [37], Chattogram
[38], Gazipur [39], Bhanga [40], the RAMSAR site Hakaluki Haor [41], and Barishal [42], among
others. While these studies provide valuable localized insights, they are limited in the number of
categories, geographic scope, unable to provide national-scale land use dynamics for broad-scale
environmental assessments and policy planning. To address these limitations, this study aims to
develop comprehensive, high-resolution (10 m) LULC maps for Bangladesh at the national scale. The
maps have 14 popular LULC categories, including some unique categories, such as jhum, brickfields,
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and salt pans. In addition, LULC change detection was performed to assess spatial transformations in
land cover between 2020 and 2023.

2. Materials and Methods
2.1. Study Area

The study was conducted across the entire territory of Bangladesh, encompassing all 64 adminis-
trative Districts. Geographically, the study area spans from 20◦34′ to 26◦38′ north latitude and from
88◦01′ to 92◦41′ east longitude (see Figure 1). For analytical purposes, Bangladesh is divided into
27 tiles, each tile covering 1◦ latitude by 1◦ longitude . The region features a diverse topography,
including mountainous areas in the east, an extensive coastal belt, and a vast deltaic plain in the south.
Bangladesh is bordered by India on three sides (i.e., the north, west, and a portion of the east) and
also shares a southeastern border with Myanmar [43]. The climate is tropical and is traditionally
characterized by six distinct seasons: Summer, Rainy, Autumn, Late Autumn, Winter, and Spring.

Figure 1. Study area overview. (a) Location of Bangladesh on the world map. (b) Administrative Divisions of
Bangladesh, highlighting the regions visited during fieldwork for ground-truth data collection. Data source:
https://data.humdata.org/

2.2. LULC Classification System Design

A classification system for LULC was developed to identify the dominant LULC types relevant
to the study area and its specific objectives [44,45]. Given Bangladesh’s geographical, topographical,
and climatic heterogeneity, the country presents a complex and diverse landscape. Therefore, the
definition of LULC categories must account for local geographic conditions, specific developmental
needs, and both spatial and temporal variations. This study employs 14 distinct LULC categories,
formulated using local knowledge in conjunction with the Land Cover Classification System (LCCS)
developed by the Food and Agriculture Organization (FAO) of the United Nations (see Table 1).
Some of these categories are unique to Bangladesh and reflect its national significance and socio-
environmental context. For instance, jhum (shifting cultivation) is a traditional agricultural practice
predominantly observed in the Chattogram Hill Tracts (CHT), where indigenous communities rely
on it for subsistence and cultural continuity. Another noteworthy category is brickfields, which are
widespread in Bangladesh due to the escalating demand for construction materials. In the southeastern
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coastal region, salt pans are used for the solar evaporation of seawater, primarily during the dry
season. These small-scale operations are critical to national salt production and play a significant role
in meeting domestic consumption needs.

Table 1. Land use land cover (LULC) category definitions employed in the study, detailing the classifications
applied for analysis.

ID Color Category Definition

1 #000064 Water Areas covered by open water bodies like rivers, seas, and
oceans.

2 #FF0000 Built-up Lands covered by buildings, paved roads, and other man-
made infrastructure.

3 #FF7F7F Single cropland Fields where agricultural crops are typically grown once a
year.

4 #FFC1BF Multiple cropland Lands used multiple times annually for crop production.

5 #4D68FF Aquaculture Inland ponds used for cultivating aquatic organisms like
fish, shrimps, or crabs.

6 #80FF00 Orchards Lands with fruit trees and homestead gardens in rural ar-
eas.

7 #A0A0A0 Brickfield Areas where clay is extracted and processed to make bricks.

8 #006400 Forest Lands dominated by woody vegetation, including ever-
green and deciduous trees.

9 #013A24 Mangrove Trees and shrubs growing in saline or brackish tidal coastal
zones.

10 #F0F0F0 Salt pans Lands which are used for salt production from seawater by
solar evaporation.

11 #A1556B Rubber tree Monoculture areas where rubber trees are cultivated for
latex production.

12 #4B7B4E Jhum Traditional shifting cultivation involving forest clearing for
temporary farming.

13 #806400 Bare land Exposed soil, unpaved road, riverine island, fallow areas
and, playgrounds.

14 #5ECC7E Tea garden Areas where tea plant is cultivated, often shaded by large
trees.

2.3. Input Datasets
2.3.1. Optical Sensor Data (Sentinel-2/MSI)

Sentinel-2/MSI 10 m and 20 m resolution data were used as optical sensor data for this study
(see Table 2). Specifically, the Sentinel-2 Level-2A [46] product was employed, which provides surface
reflectance images that have been radiometrically calibrated for accurate analysis. Sentinel-2 Level-2A
products are the result of advanced processing from Level-1C (Top-of-Atmosphere Reflectance) using
Sen2Cor software [47]. Optical satellite imagery is frequently affected by cloud cover; therefore, cloud
masking is applied to exclude cloud-contaminated pixels. In this study, images with more than 30%
cloud cover were first filtered out to minimize the impact of excessive cloud contamination. Then, we
used a combination of Sentinel-2 Cloud Probability (s2cloudless), Cloud Displacement Index (CDI),
and Directional Distance Transform (DDT) to mask clouds and their shadows. This technique was
applied to effectively remove cloud and shadow effects from Level-2A images [48].
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Table 2. Spatial resolution and wavelength information for each spectral band of the Sentinel - 2 Multi-Spectral
Instrument (MSI).

Band Electromagnetic Region Center
Wavelength [nm]

Spatial Resolution
[m]

B2 Blue 490 10
B3 Green 560 10
B4 Red 665 10
B5 Red Edge 1 705 20
B6 Red Edge 2 740 20
B7 Red Edge 3 783 20
B8 NIR (Near-Infrared) 833 10

B8A Red Edge 4 865 20
B11 SWIR 1 1610 20
B12 SWIR 2 2190 20

2.3.2. Synthetic Aperture Radar Data (Sentinel-1 and PALSAR-2/ScanSAR)

This study utilized Sentinel-1 Ground Range Detected (GRD) C-band SAR imagery at 10 m
resolution [49], preprocessed with thermal noise removal, radiometric calibration, and terrain cor-
rection using the angular-based method [50] with the SRTM DEM and default vegetation model.
Speckle noise was reduced via the Refined Lee Filter (3×3 window), as recommended by Hird et al.
(2017) [51]. Dual-polarization (VV and VH) bands were used to compute both the difference and
ratio (Equations 1 and 2), and calibrated to gamma-naught (γ0) for cross-date comparability. Two
texture metrics namely Sum Average and Dissimilarity were calculated for each polarization using
the ee.Image.glcmTexture() function in Google Earth Engine, resulting in 8 final bands: VV, VH,
difference, ratio, and 4 texture features.

Additionally, 25-meter PALSAR-2 ScanSAR Level 2.2 SAR data from JAXA [52], which are widely
used L-band SAR datasets for forest mapping and coastal change analysis [53], were included. Speckle
filtering was performed with the Refined Lee Filter (5×5 window), and pixel values were converted to
γ0 in decibels using Equation 3 with a calibration factor (CF) of −83 dB [54]. The final set of features
included three bands: HH (horizontal transmit, horizontal receive), HV (horizontal transmit, vertical
receive), and the local incidence angle (LIN).

Difference = γ0
VH − γ0

VV (1)

Ratio =
γ0

VH
γ0

VV
(2)

γ0 = 10 × log10

(
⟨DN2⟩

)
+ CF (3)

2.3.3. Ancillary Data (AW3D30 and OpenStreetMap)

Digital Surface Models (DSMs) and OpenStreetMap (OSM) data are widely used to enhance
the accuracy of LULC classification [55–57]. In this study, we incorporated slope and aspect derived
from the 30 m resolution ALOS World 3D (AW3D30) DSM [58], generated using the Panchromatic
Remote-sensing Instrument for Stereo Mapping (PRISM) onboard ALOS. This topographic information
helps distinguish natural landforms from human-made features. Additionally, vector data for road
and river networks were obtained from GeoFabrik’s OpenStreetMap repository [59]. These were
converted to raster format in QGIS to produce distance-to-road and distance-to-river maps, which
were subsequently integrated into the SACLASS2 pixel-based classification algorithm.
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2.4. Satellite Images Pre-Processing

To capture seasonal changes of LULC and minimize image noise, seasonal median composites
were generated from satellite imagery, aligned with Bangladesh’s six-season, each spanning two
months (see Table 3). This seasonal framework reflects not only climatic variations but also agricultural
cycles and socio-cultural practices. To address cloud contamination and data gaps, we adopted a
multi-year time series compositing method, adapted from Truong et al. (2024) [31]. For the 2023
HRLULC map, monthly median composites were generated using data from 2022, 2023, and 2024.
Similarly, for 2020, data from 2019, 2020, and 2021 were used. Seasonal composites were then created
by merging monthly images, with higher weighting assigned to the target year (2023 or 2020) to retain
its temporal integrity. All Sentinel-2 pre-processing was conducted on Google Earth Engine, with final
datasets exported via the Earth Engine Python API for local analysis.

Table 3. Bengali seasons alongside their corresponding English names and temporal spans.

Season No. Bengali Season English Season Season Span

Season-1 Grisma Summer Mid-April to Mid-June
Season-2 Barsa Rainy Mid-June to Mid-August
Season-3 Sharat Autumn Mid-August to Mid-October
Season-4 Hemanta Late Autumn Mid-October to Mid-December
Season-5 Shit Winter Mid-December to Mid-February
Season-6 Basanta Spring Mid-February to Mid-April

2.5. Remote Sensing Indices

To improve feature extraction and classification accuracy, a range of spectral and radar-derived
indices were calculated, as summarized in Table 4. Vegetation indices including NDVI, EVI, GNDVI,
and GRVI were used to assess vegetation health and density, facilitating the distinction of vegetation-
related land cover types such as cropland and forest. For water body detection, modified variant
of NDWI, and NDPI were employed, offering strong sensitivity to surface water and aiding in the
identification of flooded areas and aquaculture ponds. To differentiate built-up areas and bare soil, we
used GSI, BSI, and NDTI. Additionally, to compensate for limitations of optical imagery particularly
under dense vegetation or persistent cloud cover SAR-based indices such as the Radar Vegetation
Index (RVI) were incorporated to enhance classification robustness.

Table 4. Indices calculated from different bands of optical and SAR imagery.

Index Formula Reference

NDVI (Normalized Difference Vegetation
Index)

NIR−Red
NIR+Red [60]

EVI (Enhanced Vegetation Index) 2.5·(NIR−Red)
NIR+6·Red−7.5·Blue+1

[61]
GRVI (Green-Red Vegetation Index) Green−Red

Green+Red [62]
GSI (Green Soil Index) Red−Blue

Red+Green+Blue [63]
MNDWI (Modified Normalized

Difference Water Index)
Green−SWIR1
Green+SWIR1 [64]

BSI (Bare Soil Index) (SWIR+Red)−(NIR+Blue)
(SWIR+Red)+(NIR+Blue)

[65]

NDPI (Normalized Difference Pond
Index)

SWIR1−Green
SWIR1+Green [66]

NDTI (Normalized Difference Tillage
Index)

SWIR1−SWIR2
SWIR1+SWIR2 [67]

NDVIre (Red Edge Normalized Difference
Vegetation Index)

NIR−RedEdge
NIR+RedEdge

[68]

RVI (Radar Vegetation Index) 4×σHV
σHH+σVV+2×σHV

[69]
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In this research, we used a variety of input data to feed into our CNN based deep learning
classification algorithm SACLASS2. A summary of the input features is presented in Table 5.

Table 5. Data sources and feature variables employed in the development of HRLULC products for Bangladesh.

Input Data Processing
Level

Spatial
Resolution Features Features

No.

Sentinel-1 Level 1C 10 m (SAR)
VH, VV, VH-VV, VH/VV,

VH_avg, VV_avg, VH_diss,
VV_diss, RVI

9

Sentinel-2 Level 2A 10 & 20 m
(Optical)

B2, B3, B4, B5, B6, B7, B8,
B8A, B11, B12, NDVI, EVI,
GRVI, BSI, NDPI, NDTI,
MNDWI, NDVIre, GSI

19

AW3D30 Version 2.1 30 m DSM, slope and aspect 3
PALSAR-2 Level 2.2 25 m (SAR) HH, HV, LIN 3

OpenStreetMap – – Distance from road and river 2
Reference data – 10 m Latitude and longitude 2

2.6. Reference Data Collection

Reference data is critical for supervised LULC classification, as it provides both training inputs
for the classifier and validation data for accuracy assessment. The quality of this data directly affects
the reliability of the resulting LULC maps. In this study, reference data were compiled through a
combination of field observations, random sampling and label checking from existing high-quality
LULC maps, and manual interpretation of satellite imagery. A total of 67,034 reference data were used
for the year 2023 and 45,515 for the year 2020. Figure 2 illustrates the spatial distribution of the training
and validation data used in generating the HRLULC maps for Bangladesh in 2023.

Figure 2. Spatial distribution of training and validation points across Bangladesh. Panel (a) shows the distribution
of training data collected over each 1°×1° tile, while panel (b) presents the validation data obtained through
stratified random sampling.
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2.6.1. Random Reference Data Collection from Existing LULC Maps

Reference data were derived from two authoritative land-use/land-cover (LULC) products:
the ESA Global Land Cover map [70] and the Esri 10 m Annual Land Cover dataset [71]. LULC
categories were first harmonized to match the study’s classification scheme, after which stratified
random sampling was performed within each selected category to generate candidate reference data.
Each data was then independently checked through multi-source cross-checks, including time-series
vegetation indices, multi-temporal Google Earth Pro imagery, Mapillary street-view imagery, and true-
and false-color Sentinel-2 composite images. We excluded data points that were difficult to interpret;
around 50% of the total points were removed for this reason.

Labels were corrected as necessary to ensure consistency and minimize classification bias.

2.6.2. Visual Interpretation

Visual interpretation of high-resolution satellite imagery remains a widely used and effective
approach for generating large volumes of reference data in remote sensing studies. The incorporation
of local knowledge further enhances the reliability and accuracy of such data, particularly in complex
or heterogeneous landscapes. In the present study, reference data collection for LULC categories not
represented in the existing LULC maps was supported through a combination of tools, including
Google Earth Engine, Google Earth Pro, and the open-source GIS platform QGIS.

2.6.3. Field Work

Field work in this study served two key purposes: (1) to collect high-quality reference data, and
(2) to obtain contextual insights into local LULC conditions and changes. Field-based knowledge
enhances classification accuracy. Fieldwork was carried out in January 2025, focusing on 10 Districts
that encompasses roughly 20% of the study area in Bangladesh. Ground truth data were collected
using cameras including GoPro MAX, smartphone, and digital camera as well as a custom web-based
application (Figure 3) (https://smmanik.com/sample/). A total of 1,128 valid ground truth data were
collected and used as reference data. Figure 4 presents example images and corresponding LULC
categories. Despite its benefits, field data collection is constrained by time, cost, and logistics, which
limit the total number of reference data that can be acquired.

(a) Field work in Bangladesh (b) Web-based application

Figure 3. Devices utilized during field trips for collecting reference data.
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(a) Aquaculture (23.867° N, 90.313°
E)

(b) Bare land (24.484° N, 89.341° E) (c) Brickfield (23.965° N, 90.372° E)

(d) Built-up (24.609° N, 90.029° E) (e) Multiple cropland (24.323° N,
90.933° E)

(f) Single cropland (24.325° N,
90.944° E)

Figure 4. Example images of diverse LULC categories, accompanied by their respective coordinates, gathered
during fieldwork activities.

2.7. Classification Algorithm

In this study, we employed the multi-temporal LULC classification model SACLASS2 developed
by JAXA (Figure 5). SACLASS2 is a pixel-based, supervised classification algorithm built on a CNN
architecture. Unlike conventional CNNs that operate primarily in the spatial domain, SACLASS2
performs convolutions across both temporal and spectral dimensions. Each geographic pixel (defined
by a specific latitude and longitude) was thus represented by a 38×6 matrix, corresponding to 38
features over six two-month intervals. SACLASS2 processes this matrix to generate an output vector
of 14 elements, each indicating the classification probability for one of the 14 land cover categories.
When these probabilities are arranged spatially, the result is a probability map, which serves as an
intermediate product. The final LULC map is then derived by assigning each pixel to the category
with the highest probability. Both the probability map and the final classified LULC map are output
and stored. For the sake of suitable feature selection we tested 3 different feature combinations with
same validation data and picked up the best one. The classification process was conducted in a
high-performance computing environment running Ubuntu 22.04.5 LTS, equipped with an Intel Core
i9-12900K processor, 128 GB of RAM, and an NVIDIA RTX A6000 GPU (48 GB VRAM). The software
environment included Python 3.9.15 and CUDA 12.2.
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Figure 5. Workflow of the SACLASS2 classification algorithm, utilizing a modified Convolutional Neural Network
(CNN) structure adapted from Hirayama et al. (2022) [30].

2.8. Reference Data Migration for HRLULC of Year 2020

We created the reference data for the year 2020 by using the automatic reference data migration
technique proposed by Huang et al. (2020) [72]. This method migrates reference data from the
reference year (the year 2023) to the target year (the year 2020) by comparing temporal spectral
signatures between these two years. The reference year denotes the period with available labeled
reference data, while the target year refers to the period requiring reference data. For each reference
data point, we calculated spectral angle distance (SAD) and euclidean distance (ED) between two
vectors X⃗ and T⃗ for both the reference and the target year. Let X⃗ = (X1, X2, . . . , Xn) represent the
spectral vector at a reference data in the reference image, and T⃗ = (T1, T2, . . . , Tn) represent the
corresponding vector in the target image at the same geographical location, where n denotes the
number of spectral bands in the Sentinel-2 images (n = 10). Instead of using seasonal data, we used
only the 1-year median composite image of Sentinel-2 (10 bands) to simplify the calculation of SAD
and ED. These metrics are formalized in Equations 4 and 5, respectively.

SAD = cos(θ) =
X⃗ · T⃗
|X⃗| |T⃗|

=
∑N

i=1 XiTi√
∑N

i=1 X2
i

√
∑N

i=1 T2
i

(4)

ED = |X⃗ − T⃗| =

√√√√ N

∑
i=1

(Xi − Ti)
2 (5)

When the spectral band values in the target image closely match those in the reference image,
the ED approaches 0, and the SAD approaches 1. Leveraging this principle, multiple threshold
combinations were tested during the 2020 HRLULC classification. The highest classification accuracy
was achieved with thresholds of ED = 0.02 and SAD = 0.998, which were thus adopted as optimal for
reference data migration. The resulting volume of migrated reference samples was sufficient for both
training and validation of the classification model. LULC change analysis between 2020 and 2023 was
then conducted.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 September 2025 doi:10.20944/preprints202509.1474.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1474.v1
http://creativecommons.org/licenses/by/4.0/


11 of 32

2.9. Estimating Accuracy and Area of Change

Classification accuracy generally refers to how closely the remotely sensed data matches with
reference information [73]. Classification accuracy can be influenced by the methods used, the process
followed, and the timing and location of the analysis [38]. Overall Accuracy (OA), defined as the
proportion of correctly classified samples, remains the most widely adopted metric for evaluating
classification performance. The reference dataset was randomly divided into 80% for training and
20% for validation purposes. To ensure a statistically robust evaluation of the LULC map accuracy, we
adopted the methodology proposed by Olofsson et al. (2014) [75]. First, a sample count error matrix
was constructed using the validation data. Table 6 shows a generalized example of such an error
matrix for a LULC map with q categories. Second, an estimated error matrix (Table 7) was generated
by multiplying each row of Table 6 by the area proportion of the corresponding map category. The
estimated area proportion in cell (i, j) of Table 7 was calculated using Equation 6:

p̂ij = Wi
nij

ni·
(6)

where Wi is the area proportion of the category i on the map (Wi = Am,i ÷ Atot, in which Am,i is
mapped area of category i and Atot is the total area of the map), nij and ni· are from Table 6. The user’s
accuracy (Ûi), the producer’s accuracy (P̂i) of category i, and overall accuracy (Ô) are as follows:

Ûi =
p̂ii
p̂i·

(7)

P̂i =
p̂ii
p̂·i

(8)

Ô =
k

∑
i=1

pii (9)

The estimated variance of the overall accuracy [V̂(Ô)], user’s accuracy [V̂(Ûi)] of category i are as
follows:

V̂(Ô) =
k

∑
i=1

W2
i Ûi(1 − Ûi)/(ni· − 1) (10)

V̂(Ûi) = Ûi(1 − Ûi)/(ni· − 1) (11)

For producer’s accuracy [V̂(P̂j)] of reference class j = k, the estimated variance is

V̂
(

P̂j
)
=

1
N̂2

j

N2
j
(
1 − P̂j

)2Ûj
(
1 − Ûj

)
nj − 1

+ P̂2
j

q

∑
i ̸=j

N2
i

nij

ni

(
1 −

nij

ni

)
/(ni − 1)

 (12)

where N̂j = ∑
q
i=1

Ni
ni

nij is the estimated marginal total number of pixels of reference class j, Nj is the
mapped area (in pixels) of map class j, and nj is the total number of sample units in map class j.

The area proportions for each reference-defined category j are estimated from the column to-
tals (p̂·j) in Table 7. An unbiased estimator of the total area for category j (based on the reference
classification) is then given by:

Âj = Atot × p̂.j (13)

Equation 13 can be re-expressed in an expanded alternate form that more clearly reveals the
estimator as a stratified estimator:

Âj = Atot ∑
i

Wi
nij

ni
(14)
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This stratified estimator can be interpreted as an “error-adjusted” estimate of area, as it accounts
for omission errors by including the area of category j that was incorrectly mapped as another class.
At the same time, it excludes commission errors areas incorrectly mapped as category j. The estimated
standard error of the area proportion for category j is given by Cochran, 1977 [76]:

S( p̂.j) =

√√√√ q

∑
i=1

W2
i

nij
ni

(
1 − nij

ni

)
ni − 1

(15)

The standard error of the error-adjusted estimated area is

S(Âj) = Atot × S( p̂.j) (16)

An approximate 95% confidence interval for Aj is

Âj ± 2 × S(Âj) (17)

The margin of error is defined as the product of the z-score and the standard error, where the z-score
corresponds to a percentile from the standard normal distribution. This value determines the width
of the confidence interval (i.e., the “±” part). For a 95% confidence level, the z-score is 1.96, which is
approximated as 2 in this study for simplicity of presentation.

Table 6. Error matrix of sample counts, nij. Map categories are the rows while the reference categories are the
columns.

Class 1 2 . . . q Total

1 n11 n12 . . . n1q n1·
2 n21 n22 . . . n2q n2·
...

...
...

. . .
...

...
q nq1 nq2 . . . nqq nq·

Total n·1 n·2 . . . n·q n

Table 7. Error matrix of estimated area proportions, pij (Equation 6). Map categories are the rows while the
reference categories are the columns.

Class 1 2 . . . q Total

1 p11 p12 . . . p1q p1·
2 p21 p22 . . . p2q p2·
...

...
...

. . .
...

...
q pq1 pq2 . . . pqq pq·

Total p·1 p·2 . . . p·q 1

3. Results
3.1. Case Study Using Different Satellite Images

Using the SACLASS2 framework, three classification phases were tested with satellite imagery
from six different seasonal periods to evaluate performance. Phase 1 utilized only Sentinel-1 C-band
SAR (GRD) images. Phase 2 employed optical imagery from the Sentinel-2 MSI sensor. Phase 3
integrated both optical (Sentinel-2) and SAR data (Sentinel-1 and PALSAR-2). To ensure consistency
across all phases, identical training and validation datasets, were applied throughout. Results showed
that only SAR data (phase-1) produced the lowest overall accuracy (79.62% ± 1.6%), while optical
imagery alone (phase-2) achieved a slightly higher accuracy (82.37% ± 1.5%). The best performance
was observed in the combined dataset (phase-3), reaching an overall accuracy of 94.32% ± 0.42% for

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 September 2025 doi:10.20944/preprints202509.1474.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1474.v1
http://creativecommons.org/licenses/by/4.0/


13 of 32

the year 2023. This fusion also led to notable improvements in user’s and producer’s accuracy across
most land cover categories. Classification outputs for all phases are compared in Figure 6 alongside
true-color reference imagery. Figure 7 shows the final HRLULC maps for Bangladesh, developed from
phase 3.

Figure 6. Comparison of land cover classification results using Sentinel-1 (SAR), Sentinel-2 (optical), and a fused
Sentinel-1, PALSAR-2, and Sentinel-2 dataset, evaluated against the reference true-color Sentinel-2 Level-2A
imagery.

Figure 7. High - resolution land use land cover (HRLULC) maps of Bangladesh for the years 2020 and 2023.

3.2. Category-Wise Performance of HRLULC

A confusion matrix was employed to assess the classification accuracy of the generated LULC
maps for both 2020 and 2023 (Table 8). In 2020, the classification achieved an overall accuracy of 94.55%
and a Kappa coefficient of 0.93. For 2023, the overall accuracy was 94.32%, with a Kappa coefficient
of 0.93. These results indicate a high level of classification accuracy and strong agreement beyond
chance for both years. The lowest user accuracy was observed in the jhum category, suggesting some
confusion with other categories. In contrast, the highest user accuracy was achieved for the mangrove,
aquaculture, rubber tree, and multiple cropland categories.
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Table 8. Comparison of producer accuracy (PA) and user accuracy (UA) with 95% confidence intervals across
different LULC categories for the years 2020 and 2023.

LULC Category 2020 PA (%) ±
Error

2020 UA (%)
± Error

2023 PA (%) ±
Error

2023 UA (%)
± Error

Water 93.76 ± 1.08 94.87 ± 0.97 93.03 ± 1.08 96.04 ± 0.81
Built-up 95.21 ± 0.68 95.79 ± 0.64 92.86 ± 0.81 96.25 ± 0.59

Single cropland 94.96 ± 0.94 93.22 ± 1.09 95.37 ± 0.86 93.76 ± 1.00
Multiple cropland 98.07 ± 0.35 96.65 ± 0.46 98.90 ± 0.26 98.39 ± 0.32

Aquaculture 95.41 ± 0.61 97.53 ± 0.45 98.27 ± 0.36 98.27 ± 0.36
Orchards 96.14 ± 0.53 94.89 ± 0.61 94.15 ± 0.66 94.82 ± 0.62
Brickfield 95.07 ± 0.58 95.70 ± 0.55 93.86 ± 0.64 91.29 ± 0.76

Forest 97.15 ± 0.38 95.56 ± 0.47 97.07 ± 0.37 93.93 ± 0.54
Mangrove 97.52 ± 0.92 96.15 ± 1.15 97.57 ± 0.92 98.94 ± 0.60
Salt pans 96.74 ± 1.82 92.71 ± 2.73 96.34 ± 2.09 96.34 ± 2.09

Rubber tree 96.30 ± 1.29 96.74 ± 1.21 98.88 ± 1.12 98.88 ± 1.12
Jhum 62.44 ± 3.73 75.29 ± 3.02 50.25 ± 4.23 70.92 ± 3.23

Bare land 85.55 ± 1.09 86.38 ± 1.06 86.91 ± 0.99 86.99 ± 0.98
Tea garden 94.58 ± 1.24 93.45 ± 1.36 96.22 ± 1.02 95.11 ± 1.16

Average 92.78 ± 1.37 93.21 ± 1.37 92.12 ± 1.47 93.57 ± 1.26
Overall Accuracy 94.55% ± 0.41% 94.32% ± 0.42%

Kappa
Coefficient 0.939 0.936

This study identified several important LULC categories often missing from existing maps, in-
cluding salt pans, brickfields, and aquaculture ponds. While salt pans cover a small area in Bangladesh,
they contribute significantly to the local economy and land management. Brickfields, though vital
for construction, pose serious environmental risks such as air and water pollution, soil degradation,
and CO2 emissions when unregulated. Unlike most LULC maps that group all water features into
a single category, this study differentiates between large natural waterbodies (e.g., rivers and seas)
and aquaculture ponds, which are smaller, human-made, and usually used for fish farming. These
aquaculture ponds are widespread across Bangladesh. Figure 8 highlights the clear identification of
brickfields, aquaculture, and salt pans.
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(a) Brickfields

(b) Salt pans in coastal region

Figure 8. Distinct identification of brickfields, aquaculture ponds, and salt pans in the HRLULC map of Bangladesh,
compared with PlanetScope imagery.

3.3. Comparison with Global Land Use Land Cover Maps

Three global LULC datasets ESA WorldCover 10 m v200, Dynamic World V1, and ESRI were
employed for comparison with our HRLULC 2023 dataset. As these products differ in their native clas-
sification schemes, all maps were reclassified into a unified legend to ensure consistency. Specifically,
all datasets were harmonized into seven common LULC categories: Water, Built-up, Cropland, Forest,
Orchards, Bare Land, and Mangrove. A visual comparison for the Bangladesh region is presented in
Figure 9.
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Figure 9. Comparative visualization of the HRLULC map developed in this study and existing global LULC
products across three selected sites. PlanetScope imagery is used as a high-resolution ground reference for visual
assessment.

A pairwise comparison was conducted to evaluate the percentage of matched and mismatched
pixels between our HRLULC map and the global products. A match was defined when pixels at the
same spatial location were assigned to the same LULC category in both maps. The overall agreement
was measured by the proportion of matched pixels. Among the comparisons, our map showed the
highest agreement with ESA, achieving 68% matched pixels, followed by the ESRI and DW land cover
products (Figure 10). To assess category-level agreement, the number of matched pixels per LULC
category was divided by the total number of pixels in that category (based on our map), yielding the
percentage of matched pixels for each category. These results are visualized using spider plots, which
illustrate category wise agreement patterns (Figure 11). The analysis revealed notable variation in
agreement levels across LULC categories.
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Figure 10. Pairwise comparison between our HRLULC map and three global land cover datasets (ESA WorldCover,
Esri Land Cover, and Dynamic World). Orange indicates matched pixels, while red represents mismatched pixels.

(a) Our Map & ESA (b) Our Map & ESRI (c) Our Map & DW

Figure 11. Percentage of matched pixels by category across pairwise comparisons between the our HRLULC map
and global products (ESA, ESRI, DW).

3.4. LULC Change in Bangladesh Between 2020 and 2023

In many developing countries, including Bangladesh, population growth is a key driver of
LULC change [77,78]. LULC changes in Bangladesh between 2020 and 2023 revealed significant
transformations across multiple categories (Figure 12). Over this three-year period, single cropland
showed the positive change, increasing by 17.23 ± 4.08% from an initial area of around 14827.7 ± 337.9
km², indicating significant expansion. Figure 13 displays the identified hotspots of single cropland
expansion.
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Figure 12. Percentage change in LULC categories in Bangladesh between 2020 and 2023, including associated
uncertainties represented as 95 % confidence intervals.

Figure 13. Spatial distribution of single cropland expansion hotspots in Bangladesh: (a) Khulna Division, primarily
representing coastal regions; (b) Sylhet Division, predominantly covering the haor wetland areas.
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Aquaculture areas also grew notably, with a 20.17 ± 4.94% increase, reflecting the rapid develop-
ment of fish farming. Conversely, bare land experienced the greatest decline, decreasing by 23.77 ±
4.27%, suggesting widespread conversion to other land cover types. Figure 14 highlights the areas
where bare land has decreased most significantly compared to other regions. In this study, we identi-
fied three major bare land decrease hotspots: areas adjacent to the Padma River, the capital city Dhaka,
and the newly developed city of Purbachal, located near Dhaka.

Figure 14. Spatial distribution of areas where bare land decreased between 2020 and 2023, based on LULC change
detection analysis. (b) Purbachal new town development area, (c) Dhaka metropolitan region, (d) Riverine islands
(chars) along the Padma River.

During the study period, brickfield areas expanded by 56.11 ± 25.33%. Figure 15 illustrates
the locations of newly developed brickfields. In 2020, these areas were primarily used for orchard
plantations, but by 2023, they had been converted into brickfields. Detailed estimates of LULC changes,
derived using the area-adjusted method proposed by Olofsson et al. (2014) [75], are presented in
Table 9.
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Figure 15. Spatial distribution of newly established brickfields in 2023, derived from high-resolution LULC
classification and change detection analysis.

Table 9. Adjusted area and percentage changes in LULC categories in Bangladesh between 2020 and 2023,
including associated uncertainties (±) at the 95% confidence interval, calculated following the methodology
proposed by Olofsson et al. (2014) [75].

LULC Category 2020 2023 Change over 2020–2023

(km2) (%) (km2) (%) (km2) (%)
Water 10096.6 ± 253.0 6.86 ± 0.17 10385.4 ± 277.6 7.05 ± 0.19 288.7 ± 375.6 2.86 ± 3.72
Built-up 8816.6 ± 203.7 5.99 ± 0.14 7597.2 ± 104.0 5.16 ± 0.07 -1219.4 ± 228.7 -13.83 ± 2.59
Single cropland 14827.7 ± 337.9 10.07 ± 0.23 17383.0 ± 502.6 11.81 ± 0.34 2555.2 ± 605.7 17.23 ± 4.08
Multiple cropland 45319.9 ± 375.6 30.78 ± 0.26 45701.5 ± 353.7 31.04 ± 0.24 381.6 ± 515.9 0.84 ± 1.14
Aquaculture 5732.5 ± 232.6 3.89 ± 0.16 6888.5 ± 161.5 4.68 ± 0.11 1156.1 ± 283.2 20.17 ± 4.94
Orchards 26826.5 ± 324.4 18.22 ± 0.22 25874.3 ± 388.4 17.57 ± 0.26 -952.2 ± 506.0 -3.55 ± 1.89
Brickfield 1817.1 ± 223.9 1.23 ± 0.15 2836.8 ± 402.1 1.93 ± 0.27 1019.6 ± 460.3 56.11 ± 25.33
Forest 9668.8 ± 199.8 6.57 ± 0.14 10686.3 ± 273.0 7.26 ± 0.19 1017.5 ± 338.3 10.52 ± 3.50
Mangrove 6220.5 ± 121.1 4.22 ± 0.08 5513.6 ± 91.9 3.74 ± 0.06 -706.9 ± 152.0 -11.36 ± 2.44
Salt pans 480.8 ± 70.1 0.33 ± 0.05 253.0 ± 35.2 0.17 ± 0.02 -227.8 ± 78.5 -47.38 ± 16.32
Rubber tree 466.1 ± 58.3 0.32 ± 0.04 440.2 ± 42.1 0.30 ± 0.03 -25.9 ± 72.0 -5.56 ± 15.44
Jhum 665.1 ± 150.1 0.45 ± 0.10 926.1 ± 172.9 0.63 ± 0.12 261.1 ± 229.0 39.25 ± 34.43
Bare land 13353.3 ± 450.8 9.07 ± 0.31 10179.6 ± 349.6 6.91 ± 0.24 -3173.8 ± 570.5 -23.77 ± 4.27
Tea garden 2950.6 ± 119.0 2.00 ± 0.08 2571.7 ± 156.7 1.75 ± 0.11 -378.9 ± 196.8 -12.84 ± 6.67

Spatial variations in LULC change across administrative Divisions are depicted in Figure 16,
whereas Figure 17 provides a detailed visualization of inter-category transitions between 2020 and
2023.
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Figure 16. Changes in LULC across the administrative divisions of Bangladesh between 2020 and 2023. LULC
categories are denoted as follows: 1 – Water, 2 – Built-up, 3 – Single cropland, 4 – Multiple cropland, 5 –
Aquaculture, 6 – Orchards, 7 – Brickfield, 8 – Forest, 9 – Mangrove, 10 – Salt pans, 11 – Rubber tree, 12 – Jhum, 13 –
Bare land, 14 – Tea garden.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 September 2025 doi:10.20944/preprints202509.1474.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1474.v1
http://creativecommons.org/licenses/by/4.0/


22 of 32

Figure 17. Sankey diagram showing LULC transitions in Bangladesh between 2020 and 2023, where the width of
each link indicates the magnitude of land area changing from one LULC category to another.

4. Discussion
4.1. Accuracy of HRLULC Maps

A high-resolution (10-meter), 14-category HRLULC map was developed for Bangladesh for the
years 2020 and 2023. The maps were generated using a fusion of multi-sensor, multi-temporal, and
multi-resolution satellite imagery, complemented by ancillary datasets. The classification achieved
an overall accuracy of 94.55% for 2020 and 94.32% for 2023. Several factors contributed to the high
classification accuracy and low uncertainty observed in the HRLULC maps. Firstly, a comprehensive
training dataset comprising 53,627 points for the year 2023 and 36,412 points for 2020 was collected
across the study area. This extensive dataset significantly improved the performance of the CNN
classifier by enabling more robust and accurate differentiation among various land cover types. Second,
a total of 38 features comprising spectral bands, remote sensing indices, and ancillary data were selected
from both satellite imagery and supplementary datasets. Although up to 48 features were tested,
no substantial improvement in accuracy was observed beyond 38. Notably, increasing the feature
count from 25 to 33 resulted in a 5% gain in accuracy (from 87% to 92%), but further increases yielded
diminishing returns while also raising computational costs. Additionally, redundancy among similar
indices, such as multiple built-up indices (e.g., normalized difference built-up index, urban index,

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 September 2025 doi:10.20944/preprints202509.1474.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1474.v1
http://creativecommons.org/licenses/by/4.0/


23 of 32

built-up index), tended to cause misclassification. Therefore, using one representative index per land
cover category proved more effective. Third, the integration of optical and SAR data specifically
Sentinel-1 and ALOS-2/PALSAR-2 significantly improved classification outcomes. Lastly, the deep
learning-based CNN approach outperformed traditional machine learning algorithms such as decision
trees, support vector machines (SVM), and random forests, which are commonly used in LULC
mapping and change detection [79].

The mangrove forest coverage in Bangladesh is estimated to be approximately 6,000 km² [80–82].
Our HRLULC analysis estimates the mangrove area at approximately 6220.5 ± 121.1 km² in 2020 and
5513.6 ± 91.9 km² in 2023, which closely aligns with previous studies. Similarly, the total area under
rubber cultivation in Bangladesh is reported to be around 416.85 km² [83], which closely matches
our remote sensing-based estimates of 466.1 ± 58.3 km² in 2020 and 440.2 ± 42.1 km² in 2023. These
results provide strong validation for the accuracy and reliability of the HRLULC maps developed for
Bangladesh. According to the official estimate by the Bangladesh Bureau of Statistics (BBS) [84], the
area under the single cropland category is approximately 20,571.3 km². In comparison, our HRLULC-
based estimation for the year 2023 indicates an area of 17,383.0 ± 502.6 km². This relatively close
correspondence suggests that our classification is generally reliable. However, the observed deviation
may be due to differences in the methodology used for area estimation, such as classification definitions,
resolution, or sampling techniques.

4.2. Spatial Details and Comparative Evaluation

Our HRLULC products offer greater spatial detail and pixel-level accuracy compared to global
land cover datasets, largely due to their national-scale focus and finer resolution. In rural areas of
Bangladesh, most households are surrounded by various tree species particularly fruit trees such
as mango, guava, jujube, jackfruit, litchi, and papaya, alongside woody vegetation. Global LULC
products often fail to detect small built-up structures obscured by dense vegetation in these settings. In
contrast, our map successfully identifies these hidden built-up areas (see Figure 9). Similarly, riverine
bare lands in Bangladesh are frequently misclassified in global maps. Our HRLULC product effectively
captures and classifies these areas with improved accuracy.

Our HRLULC maps offer enhanced spatial detail by integrating two types of SAR data alongside
optical imagery. ALOS-2/PALSAR-2 provides L-band radar, which penetrates dense vegetation such
as forest canopies, improving classification accuracy in areas like mangroves and flooded vegetation.
Sentinel-1 supplies C-band radar, which is particularly effective for detecting wetland rice cultiva-
tion. Although rice crops were not explicitly classified, most single and multiple cropland areas in
Bangladesh are primarily used for rice production, reflecting its status as the national staple. The
synergistic use of L-band SAR (ALOS-2), C-band SAR (Sentinel-1), and optical data (Sentinel-2) im-
proves class separability and yields high-resolution LULC maps with enhanced thematic accuracy. We
employed a time-feature CNN model, which effectively handles multi-source input data with varying
spatial and temporal resolutions. Incorporating time-series information enables the model to capture
seasonal dynamics, significantly improving classification performance over traditional single-date
approaches. Finally, global LULC products are designed for worldwide application, often sacrificing
local accuracy. These broad-scale maps may overlook regional variability and context. In contrast,
our maps are locally focused and tailored to the specific conditions of Bangladesh, incorporating
local knowledge and data. This localized approach ensures higher accuracy and greater relevance for
national and regional applications.

4.3. LULC Conversion from 2020 to 2023

Overall, there has been an increase in single cropland area and a corresponding decrease in bare
land across the country. However, this trend is not uniform nationwide (see Figure 16). The most
notable expansion of single cropland has occurred in the Khulna and Sylhet Divisions (see Figure
13). Khulna, located adjacent to the coast, is frequently affected by tropical cyclones, storm surges
and tidal floods, which contribute to saline water intrusion. This salinity plays a significant role in
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shifting agricultural practices from multiple cropping systems to single cropland. Additionally, the
growing presence of aquaculture particularly shrimp farming in this region has further contributed
to the expansion of single cropland, as the same land is often used for dual purposes. Flash floods,
sudden and rapid flooding triggered by intense rainfall within a short period [85], are common natural
hazards in the northeastern region of Bangladesh, particularly in the Sylhet area. These recurrent
flood events frequently damage agricultural crops, households, and infrastructure [86–88]. As a result,
farmers in the region are increasingly shifting to single cropping practices to minimize potential losses
and adapt to the unpredictable flood conditions.

The Bare land category, comprising mainly char lands (riverine islands) and fallow land, expe-
rienced a significant decline of −3173.8 ± 570.5 km² over the study period. In COVID-19 context,
governmental advocacy “don’t leave an inch of land uncultivable”, modern agricultural technologies,
along with population pressure, has likely contributed to the expansion of agricultural land and decline
of bare land. According to Figure 14, one of the bare land decrease hotspots is located in Purbachal.
This area was previously bare land. To alleviate the growing population pressure on Dhaka, the
Government of Bangladesh initiated a planned urban development project in the surrounding areas,
aiming to provide high-quality, permanent residential accommodations for the expanding population
[89].

An interesting finding from the 2023 data is the decrease in built-up area over the past three
years. This reduction is unusual for a developing country like Bangladesh, where urban expansion
is generally expected to follow a continuous upward trend. However, a similar trend was reported
by Abdullah et al. (2019) [90], who observed a sudden decrease in built-up area in 2000, attributed to
the devastating flood that severely affected large parts of the country. In a similar context, the years
2022 and 2023 experienced several severe cyclones most notably cyclonic storm Sitrang in October
2022, very severe cyclonic storm Hamoon, and severe cyclonic storm Midhili in late 2023 which may
have contributed to the recent decline in built-up areas by damaging infrastructure and displacing
settlements. Additionally, urban growth has increasingly taken a vertical form, with more multi-story
buildings replacing the need for horizontal expansion. This shift may explain the decline in the
built area observed in this study, despite ongoing development. Furthermore, in 2023, orchard areas,
especially those related to homestead gardening in rural regions of Bangladesh, where households are
commonly surrounded by a diverse mix of fruit and woody tree species, exhibited increased vegetation
density. As a result, some small rural built-up areas are misclassified as orchards rather than accurately
identified as built-up.

Jhum cultivation areas increased by approximately 39.25 ± 34.43%, indicating a rise in shifting cul-
tivation practices among the indigenous communities of the Chattogram Hill Tracts (CHT). Although
the uncertainty of this estimate is high, a recent study reveals that tribal farmers now cultivate around
30 different crop varieties through Jhum, compared to only 15–20 varieties in previous years [91]. This
suggests a more intensive and diversified use of Jhum cultivation than in the past. An upward trend in
Jhum cultivation, as reported by the Department of Agricultural Extension [92], supports the findings
presented in this study.

According to our estimation, mangrove forest coverage in Bangladesh declined by approximately
11.36 ± 2.44% between 2020 and 2023. Recent studies have also documented a continued reduction
in mangrove extent, primarily driven by deforestation, urban expansion, and changing agricultural
practices [93,94]. These findings highlight the growing pressure on mangrove ecosystems and the need
for strengthened conservation efforts.

Aquaculture is one of the most prominent and rapidly growing sectors in Bangladesh, playing a
vital role in nutrition, livelihoods, and national economic development. In many regions, it has proven
to be more profitable than traditional crop farming, leading to a noticeable shift among farmers toward
aquaculture-based practices. The sector has demonstrated a steady upward trend from 2001 to 2022
[95]. This aligns with the findings of the present study, which observed an increase in aquaculture area
from 5732.5 ± 232.6 km² in 2020 to 6888.5 ± 161.5 km² in 2023.
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Salt farming and processing in Bangladesh holds significant potential for improving livelihoods
in vulnerable coastal communities [96]. However, our study reveals that the area under salt pans has
decreased by approximately −47.38 ± 16.32% between 2020 and 2023, indicating a notable contraction
of this land use category. According to the Land Cover Atlas of Bangladesh (2015), the area was
estimated to be 373 km² [36]. In comparison, our HRLULC data show that the area was 480.8 ± 70.1
km² in 2020, which closely aligns with the 2015 estimate. However, by 2023, this area had declined
significantly to 253.0 ± 35.2 km².

4.4. Impact of Land Use Land Cover Changes

LULC changes have profound and far-reaching impacts on both the environment and the socio-
economic well-being of communities. Bangladesh, with its high population density, relies heavily on
agricultural land and aquaculture ponds to sustain its growing population. According to the findings
of this study, both agricultural and aquaculture areas have expanded in recent years. This expansion
has contributed to Bangladesh’s official attainment of self-sufficiency in food production, particularly
in staple food grains and freshwater fish [97]. Although the expansion of multiple cropland areas
observed in this study is not statistically significant (0.84 ± 1.14%), multiple cropping still occupies a
substantial portion of the land cover. This dominance may not always be favorable for sustainable crop
production. Continuous cultivation of the same land throughout the year exerts considerable pressure
on soil fertility and productivity, potentially leading to long-term degradation of agricultural land [98].
On the other hand, the increasing single cropland area may pose risks to long-term food security.

The decline in bare land particularly char lands and fallow lands has contributed significantly to
achieving national food security. This transformation is largely attributed to the adoption of advanced
agricultural technologies and practices [99]. According to Figure 14, the decrease in bare land along
the Padma River can be seen as a positive impact, as these char lands are increasingly being converted
into cultivated areas. In contrast, the reduction of bare land in the capital city, Dhaka, is viewed as a
negative trend, as it leads to the loss of open and free spaces, contributing to increased urban density
and reduced livability for city dwellers. The decrease in bare land in the Purbachal area may help
alleviate the housing shortage in Dhaka by reducing pressure on the capital through the development
of planned residential zones.

In the past, Jhum was the primary cultivation practice for farmers in the CHT. Although agricul-
tural technologies have modernized in recent years offering alternatives to shifting cultivation many
farmers continue to practice Jhum. This persistence is largely due to their long-standing familiarity
with the method, as they have been trained in Jhum culture for decades, making it difficult for them
to transition to other forms of agriculture [91]. Jhum remains the primary food production system
for many ethnic minority communities; however, it poses negative impacts not only on the soil of the
cultivated land but also on the surrounding environment [100] and the broader ecosystem (lose of
different types of bird and animal species) [101].

During the study period, brickfield areas increased by 1,019.6 ± 460.3 km². Although this change
may seem relatively limited in spatial extent, as it is accompanied by a high uncertainty of ±25.33%.
Despite its contribution to the national economy, the brick sector presents significant environmental
and social challenges. Brick production leads to soil degradation and reduced agricultural productivity
[102], the depletion of natural resources [103], and increased air pollution and greenhouse gas emissions
[104]. Moreover, it is associated with serious health risks [105] and persistent social issues, including
labor rights violations and gender-based discrimination [106].

The findings related to mangrove forests are particularly alarming. Within just three years, approx-
imately 706.9 ± 152.0 km² of natural mangrove cover has been lost. This sharp decline raises significant
concern, as mangroves offer a wide range of critical ecosystem services, including phytoremediation,
carbon sequestration, and the regulation of hydrological and ecological processes [107]. Furthermore,
mangroves serve as a natural barrier against tropical cyclones, playing a crucial role in protecting
coastal communities and sustaining their livelihoods. Continued degradation of mangrove ecosystems
threatens these essential functions and could severely disrupt coastal food webs. The resulting ecologi-
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cal imbalance would likely have far-reaching socio-economic consequences, particularly for vulnerable
coastal populations that depend heavily on these natural resources for their survival and well-being.

Salt has traditionally been produced in the southeastern coastal region of Bangladesh through the
use of open salt pans. As a highly commercialized commodity with substantial global demand, sea
salt plays a critical role in both domestic and international markets. Despite its widespread use, the
livelihoods of many coastal communities in Bangladesh remain heavily dependent on small-scale salt
production. However, a noticeable decline in the area devoted to salt pans poses a serious threat to the
socio-economic stability of these communities. This trend also carries broader national implications,
as salt in Bangladesh is consumed across three main sectors: human consumption, animal feed, and
industrial applications. A reduction in domestic production could disrupt the national salt supply and
adversely affect the economic well-being of those engaged in the industry.

Overall, the built-up area shows a net decrease; however, a visual inspection of the HRLULC
map reveals localized increases in built-up areas near major cities. In contrast, more remote regions,
particularly those far from the capital, have experienced a notable decline in built-up land. This pattern
is likely driven by population migration toward urban centers, which in turn places increased pressure
on city infrastructure and resources.

4.5. Scope of Development

Bangladesh exhibits a highly diverse and dynamic landscape; however, due to time and resource
limitations, several important LULC categories were not incorporated into the HRLULC maps devel-
oped for 2020 and 2023. As a rice-dominant nation, the inclusion of a dedicated rice paddy category in
future iterations is strongly recommended, given its substantial agricultural and economic significance.
Further refinement within the forest category is also advisable, particularly by differentiating between
evergreen, deciduous, and plantation forests. In the southern region, brackish water aquaculture
commonly associated with shrimp farming constitutes a major land use and warrants recognition as
a distinct subcategory under aquaculture ponds. Additionally, Bangladesh’s high population den-
sity and rapidly evolving land use practices introduce challenges related to seasonal variability. For
instance, in the southeastern coastal zone, shrimp ponds are often converted into salt pans during
the dry season, while char lands (riverine islands formed by sediment deposition) are cultivated only
during specific months. These dynamic land use patterns highlight the need for developing dynamic
LULC maps, which represent a promising direction for future research.

5. Conclusions
Satellite remote sensing remains a robust and reliable approach for generating LULC maps. This

study developed national-scale, high-resolution (10 m) LULC maps for Bangladesh for the years 2020
and 2023 using a time-series CNN model that integrates both optical and SAR data. To the best of our
knowledge, these are the first national-scale LULC maps of Bangladesh produced at this resolution
using multi-temporal inputs and encompassing a comprehensive classification of 14 land cover
categories. Locally significant but often underrepresented LULC types such as brickfields, salt pans,
jhum cultivation, and aquaculture ponds were successfully identified. The resulting HRLULC datasets
offer valuable support for environmental monitoring, agricultural planning, and policy development,
particularly for government agencies such as the Ministries of Agriculture, Fisheries and Livestock,
and Environment. The study also reveals notable LULC changes in single cropland, aquaculture ponds,
built-up areas, brickfields, salt pans, and bare land. Brickfields, often located near croplands, present
environmental challenges due to pollution and land degradation. Meanwhile, the rapid expansion
of aquaculture ponds, though beneficial for food security, may reduce cropland availability, raising
concerns about long-term sustainability. These dynamic changes, driven by growing food security
needs and recurring natural disasters, underscore the critical need for frequent, high-resolution LULC
monitoring to inform sustainable land management and resource planning.
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