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Khulna, Sylhet, Rajshahi, Rangpur, and Mymensingh. The main goals of this research are to
determine the impact of governing factors and to identify susceptibility zones for urban expansion
in major urban units using a data-driven approach. By using governing factors (DEM, Slope, LST,
NDVI, Population, distance to (industry, growth center, settlement, facilities, waterbody, road),
and machine learning (Random Forest) and geostatistical approach (Binary Logistic Regression),
the research identifies the most important factors influencing urban expansion, including NDVI,
LST, waterbodies, roads, and settlements. The RF model's ROC-AOC values showed the highest
accuracy (1.00) in Comilla and Mymensingh, moderate accuracy (0.99) in Barisal, Chittagong,
Narayanganj, Gazipur, Khulna, and Rajshahi, and lower accuracy in Dhaka (0.98), Sylhet (0.89),
and Rangpur (0.85). For the Binary Logistic Regression model, Comilla, Narayanganj, Gazipur, and
Mymensingh had the best fit (Nagelkerke R? = 1.00), while Sylhet had the lowest significance
(0.482). Furthermore, Khulna, a major urban unit, is the highest urban expansion susceptibility
zone which is 35.72%. Rajshahi and Barisal are the moderate and low urban expansion suscep-
tibility where 83.17% and 0.88% respectively. This unplanned and rapid urban expansion zone
has also confronted policymakers and planners with an insurmountable challenge and stressed
local governments' ability to manage and use their scarce land-based resources with geospatial
data. Thus, this study's machine learning and geostatistical findings will help explain land cover
change and urban expansion in Bangladesh's eleven metropolitan areas. This study will improve
urban development understanding in Bangladesh. Findings will help planners, stakeholders, and
policymakers understand urban expansion patterns, enabling better environmental planning.

1. Introduction

Urban expansion (UE), indicating the conversion of agricultural or natural terrains into developed areas, is a major environmental
issue stemming from urban growth. Furthermore, land use change is perceived as the outcome of the interaction between human and
natural systems, and the proliferation of urban areas has emerged as a global phenomenon (Gao et al., 2014). The conversion of natural
habitat to urban land uses, caused by this rapid urbanization, can substantially degrade biodiversity (Anderson et al., 2013; Foley et al.,

* Corresponding author.
E-mail addresses: mafrid@urp.kuet.ac.bd (M. Haydar), sakibkuetl9@gmail.com (S. Hosan), alhossainrafi@gmail.com (A.H. Rafi).

https://doi.org/10.1016/j.jum.2024.11.011

Received 6 May 2024; Received in revised form 10 October 2024; Accepted 25 November 2024

Available online 6 December 2024

2226-5856/© 2024 The Authors. Published by Elsevier B.V. on behalf of Zhejiang University and Chinese Association of Urban Management. This is
an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:mafrid@urp.kuet.ac.bd
mailto:sakibkuet19@gmail.com
mailto:alhossainrafi@gmail.com
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jum.2024.11.011&domain=pdf
www.sciencedirect.com/science/journal/22265856
www.elsevier.com/locate/jum
https://doi.org/10.1016/j.jum.2024.11.011
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jum.2024.11.011
https://doi.org/10.1016/j.jum.2024.11.011

M. Haydar et al. Journal of Urban Management 14 (2025) 451-467

2005; Hochstrasser, 2007). Urban development, traditionally seen as an indicator of regional economic success, has resulted in various
environmental problems due to human activities and changes in land use. Deforestation, urban development, and fragmented land-
scapes resulting from urbanization can exacerbate soil erosion and disrupt climate control (M. Rahman et al., 2024; Rimi et al., 2024, pp.
1-14). These activities can also contribute to reduced food availability, carbon sequestration, soil water storage, and biodiversity (Huilei
etal., 2017; Pullanikkatil et al., 2016). Many American cities have grown a lot since the middle of the 20th century and it's mostly due to
more people moving into cities and out to the neighborhoods (Gao et al., 2014). China's rapid urbanization and dramatic urban
landscape changes have affected the economy and environment (Yue et al., 2014). Rapid population, industrial, and commercial growth
resulted in the urbanization of 41 Indonesian cities (Olivia et al., 2018). In the last few decades, both the size and number of people
living in cities in developing countries, especially in South Asia, have grown dramatically. Urbanization in developing countries like
India is linked to high population increase, which in turn leads to several socioeconomic and environmental issues (Capps et al., 2016).
Furthermore, urban land has expanded while agricultural, grassland, and barren lands have been displaced in Pune, India (Kantakumar
et al., 2016). Bangladesh is witnessing fast urbanization, with the capital city Dhaka being the 11th largest megacity, seeing urban
growth of 81.54% (Morshed et al., 2017). In response to this growth, urban areas are spreading both vertically and horizontally, exerting
strain on natural resources by displacing marshes, flora, and agricultural land (Roy et al., 2020).

There are various model-based methodologies available to evaluate urban expansion. Scholars (Sun et al., 2018) used a land use
simulation and Markov-logistic-CA model for urban expansion in the USA. Time-series spatial data analysis has also been applied to
research examining the evolution of particular land uses or land-use systems (Fuchs et al., 2015; Gerard et al., 2010; Hatna & Bakker,
2011 & Levers et al., 2018). A limited number of scientists offer illustrations of a multi-disciplinary methodology to investigate the
factors influencing land-use conversion on a national or regional scale in Europe as well as worldwide (Verburg et al., 2004; Chakir &
Parent, 2009; Jiang et al., 2012 and Mazzocchi et al., 2013). Researchers have used remote sensing and geographic information system
(GIS) tools to get information on how cities are growing and changing land use and also, and they have also looked at how this affects
green space, urban heat islands (UHIs), and the quality of the air and water in Chinese towns (Hua et al., 2008; Yunhao et al., 2003 &
Zhang et al., 2010). Besides, the assessment of urban expansion can be done using several models in India like logistic regression (Sarkar
& Chouhan, 2020), remote sensing, and GIS (Gibson et al., 2015; Kantakumar et al., 2016), etc. Urban expansion has been complicated
by environmental, economic, and infrastructural issues. Here governing factors were chosen DEM, slope, LST, NDVI, population, and
distance to key urban elements like industry, growth centers, settlements, facilities, waterbodies, and roads for this study. These var-
iables directly or indirectly affect land use changes, making them crucial to understanding urban expansion in Bangladesh. The for-
mation of DEM and Slope is crucial for understanding the topographical limitations that influence urban development. Steeper gradients
or elevated terrains generally prevent construction, rendering flatter regions more amenable to development (Ma & Xu, 2010). Land
Surface Temperature (LST) indicates heat retention in urbanized regions, correlating with developed areas and serving as a significant
metric of urbanization intensity (Wan et al., 2002). NDVI improves the evaluation of vegetation cover, with diminishing vegetation
frequently indicating escalating urban sprawl, so underscoring the environmental deterioration resulting from growth. Urban expansion
depends on population density, which increases housing, infrastructure, and service demand. The research shows that urban regions
with higher population densities have higher land resource pressures and urbanization rates (Seto et al., 2012). Industrial, growth, and
facility proximity shows urban areas' economic pull, where jobs and services drive urban migration and development (Pradhan et al.,
2017). The distance from to roads and water bodies affects accessibility and defines the natural limits of urban expansion (Habib et al.,
2020). Distance to roadways enhances the likelihood of development owing to increased connectivity, however water bodies frequently
act as natural barriers that influence urban expansion patterns. In Bangladesh, several studies have been conducted with just the one
goal of investigating the impacts of urban expansion such as land surface temperature in Chattogram Metropolitan Area (Roy et al.,
2020), LULC with driving factors for sustainable development in Gazipur (Arifeen et al., 2021), measuring urban expansion pattern
using spatial matrices in Khulna city (Alam et al., 2023) and using support vector machine in Chattogram (Bajracharya & Sultana, 2022).
Moreover, changing patterns of land use and land cover in Bangladesh as a result of urban expansion is linked to a variety of factors,
including agriculture, build-up, water, vegetation, fellow land, low land, etc (Arifeen et al., 2021). When evaluating urban expansion,
factors such as land use, land conversion, digital elevation models (DEMs), climate data, soil qualities, and crop production are
considered, as suggested by (Sun et al., 2018). Furthermore (Ma & Xu, 2010), created a model to assess the susceptibility of urban
expansion by considering factors such as build-up area, water body, vegetation, and dry land. Previous research (Bajracharya & Sultana,
2022) used population density, slope, road, commercial, rail, pond, and river distances, distance to forest, neighborhood urban cells,
vegetation cells, agriculture cells, water cells, and barren cells. to create a support vector machine for future urban expansion to predict
susceptibility.

There is no research that has been conducted in Bangladesh that takes into consideration the expansion of urban areas in major urban
units. The focus of this research is on determining the degree to which districts that contain city corporations (large urban entities) are
susceptible to urban expansion. Numerous studies have been conducted on urban expansion utilizing different metrics to understand
and assess the processes and functions of cities. Nevertheless, previous researches have neither examined urban expansion through the
prism of governing factors, nor has it employed data-driven models to evaluate susceptibility to urban expansion. In addition, there has
never been any study on urban expansion in Bangladesh that has been undertaken using a data-driven machine learning method,
although this research has been done on data driven approach. Also, no research found on governing factors (DEM, slope, Land surface
temperature, NDVI, Population, distance to industry, (distance to growth center, settlement, facilities, waterbody, road) on urban
expansion susceptibility in Bangladesh. Subsequently, there are significant gaps in the research, but this study can adequately fill each of
those gaps to predict the susceptibility of urban expansion in Bangladesh. Thus, the main aim of this research is to use machine learning
(ML) methods to identify the urban expansion susceptibility zones in Bangladesh's key metropolitan units. To address the research gap,
the objectives can be evaluated; (i) to examine the influence of governing factors in major urban units in Bangladesh; (ii) to assess the
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significance of governing factors in urban expansion; (iii) to use a data-driven approach to identify urban expansion susceptibility zones
in Bangladesh. Urban planners must prioritize the major urban units of Bangladesh and this study's findings and scientific compre-
hension will provide useful insights into the aspects contributing to urban expansion susceptibility in Bangladesh. Furthermore, it will
offer solutions to mitigate the potential incidence of future urban expansion.

2. Methods and materials
2.1. Description of the study area

The study area included eleven major districts in the country of Bangladesh, which is located between 20°34’ and 26°38' North
Latitude and between 88°01’' and 92°41’ East Longitude (Bangladesh Ministry of Foreign Affairs, 2017). The area of the districts is
respectively 1464 km?, 2785 km?, 5283 km?, 3146 km?, 684 km?, 1806 km?, 4394 km?, 3452 km?, 2425 km?, 2401 km?, and 4395 km?
and the density of the population according to the census 2022 is respectively 10067/km?, 923/km?, 1736,/km?, 1974/km?, 5712/km?,
2914/km2, 595/km2, 1117/km2, 1202/krn2, 1320/km2, and 1342/km? for Dhaka, Barisal, Chittagong, Comilla, Narayanganj, Gazipur,
Khulna, Sylhet, Rajshahi, Rangpur, and Mymensingh (Bangladesh Bureau of Statistics, 2022). In Bangladesh, city corporations have a
significant influence on district area development that drives economic growth via investment, industry development, and employment
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Fig. 1. Research location and urban expansion inventory.
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generation and are also responsible for managing essential services like waste management, transportation, sanitation, and water
supply, all of which affect residents quality of life (Zafarullah & Ferdous, 2024). City corporations also provide health, education, and
social welfare services that have an impact on residents in nearby communities in addition to city dwellers (Zafarullah & Ferdous, 2024).
They serve as the national hub for overseeing transportation, education, and other infrastructure in the country's largest cities. People
may be able to meet their needs for a higher standard of living as cities expand. These districts significantly influence the growth and
development of Bangladesh. The districts show the urban expansion from 2018 to 2023 (Fig. 1). In Narayanganj and Rangpur, there is
rapid urban growth due to population influxes. The excellent roads and services in these locations support the expansion where the
expansion of cities like Chittagong, Comilla, Sylhet, and Mymensingh is slower due to several factors, including greater concern for
environmental preservation, fewer employment possibilities, and inadequate infrastructure (Fig. 2).

2.2. Description of data

There were thirteen parameters used to find the urban expansion susceptibility (Table 1), including the Digital Elevation Model
(DEM), Land Surface Temperature (LST), Land Use and Land Cover (LULC), Normalized Difference Vegetation Index (NDVI), Regional
Facilities, Growth Centre, Industry, Population, Precipitation, Road, Settlement, Slope, and Waterbody. A quantitative representation of
the Earth's surface, the Digital Elevation Model (DEM) offers fundamental details about the relief of the terrain that influences urban
expansion by providing detailed elevation data, including trees, buildings, and any other surface objects (USGS, 2022). We extracted
DEM data from SRTM Datasets. An essential component of biology and climate, land surface temperature (LST) influences animals and
ecosystems on a local to global scale due to increased absorption and retention of heat by built surfaces, reduced vegetation cover, heat
emissions from human activities, and altered wind patterns that affect urban expansion (Liu et al., 2022). LST data extracted from
LANDSAT - 8 image datasets. The classification of natural features and human activities on the landscape during a certain period using
accepted scientific and statistical methods of analysis of relevant source materials is known as land use/land cover, or LULC which
impacts urban expansion because if natural resources decrease, it means urban expansion increases (Singh, 2013). For LULC data, firstly,
obtained satellite imagery and ground truth data and then, corrected image distortions. Next, extracted features and apply a classifi-
cation algorithm to assign land cover classes. After classification, assessed accuracy using validation data and extracted LULC. By using
the Google Earth Engine. The Normalized Difference Vegetation Index (NDVI) quantifies vegetation by measuring the difference
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Table 1

Data sources of urban expansion parameters for urban expansion susceptibility.
Description of parameters Sources Resolution Data Type Year
DEM SRTM Datasets 30 x 30 m Raster 2023
LST LANDSAT - 8 30 x 30 m Raster 2023
LULC LANDSAT - 8 30 x 30 m Raster 2018 & 2023
NDVI LANDSAT - 8 30 x 30 m Raster 2023
Precipitation CHIRPS Datasets 30 x 30 m Raster 2023
Slope Extracted from DEM 30 x 30 m Raster 2023
Regional Facilities LGED Datasets Vector 2023
Growth Center LGED Datasets Vector 2023
Industry OpenStreetMap Vector 2023
Population BBS (2022) Vector 2022
Waterbody Humanitarian Datasets Vector 2023
Road LGED Datasets Vector 2023
Settlement Humanitarian Datasets Vector 2023
Urban Expansion Inventory Extracted from LULC data 30 x 30 m Raster

between near-infrared (which vegetation strongly reflects) and red light (which vegetation absorbs) (GISGeography, 2021). Degrada-
tion of vegetation caused by extensive urban expansion increases the decline of many natural habitats (K. Yang et al., 2021). NDVI data
was also extracted from LANDSAT - 8 image datasets. Regional facilities include the supply of basic utilities and services necessary for an
area to function and develop. In the study, the use of educational facilities and medical facilities as regional facilities, are extracted from
LGED datasets. The growth center acts as the hub for social, cultural, and economic activity (Pradhan et al., 2017). It impacts urban
expansion by transforming natural areas into places used for residential, commercial, and industrial purposes (Mondal & Das, 2010).
Growth center data was also extracted from LGED datasets. Industry is a collection of profitable businesses or organizations that
manufacture or provide goods, services, or sources of income and drive urban expansion by creating employment opportunities,
stimulating economic growth, and necessitating the development of supporting infrastructure and land use changes (Gorton, 2023). We
extracted industry data from OpenStreetMap. Population refers to the total number of individuals or residents in the area that impact
urban expansion by increasing the demand for housing, infrastructure, and services (Momoh, 2022). Precipitation refers to any liquid or
frozen water that condenses in the atmosphere and descends to Earth, which is essential for maintaining human existence, promoting
industrial development, and ensuring ecological security, which impacts urban expansion (Trenberth, 2011). Rapid urban expansion is
an important period for developing countries due to the growing economy as well as the road network expansion, where a road is a
travel path used by humans, animals, and vehicles (G. Shi et al., 2019). We extracted road data from LGED datasets. Settlement refers to
a community or group of people living together in a particular area that occurs through the transformation of physical landscapes and
ecological systems into developed land, which impacts urban expansion (Leyk et al., 2020). We extracted settlement data from hu-
manitarian datasets. The measurement of a line's steepness and direction is called its slope, which determines whether the lines are
parallel, perpendicular, or none at all, which helps to find urban expansion susceptibility (K. Shi et al., 2023). We extracted slope data
from DEM. A waterbody is any significant accumulation of water, generally on a planet's surface, that impacts urban expansion by
influencing land use patterns, serving as natural barriers, shaping infrastructure development, and offering economic opportunities
(Habib et al., 2020). We extracted waterbody data also from humanitarian datasets. There several processes are required to use Land
Use/Land Cover (LULC) data to assess urban expansion between 2018 and 2023. Urban expansion indicates the transformation of
non-urban areas, including vegetation and water bodies, into urbanized regions driven by causes such as industry, population growth,
infrastructure, settlements, growth centers, and regional facilities. This research calculated urban expansion using raster datasets of land
use and land cover (LULC) from 2018 to 2023. Initially, we identified the raster cells corresponding to urban areas for both 2018 and
2023. Subsequently, the raster datasets were evaluated using a raster calculator to subtract the 2018 Land Use and Land Cover (LULC)
from the 2023 LULC, thereby pinpointing locations where non-urban land transitioned to urban use. This technique facilitated the
identification and quantification of urban expansion by establishing an inventory of land cover alterations. Supplementary geographical
and geostatistical analyses were conducted to assess the total area and patterns of urban expansion, providing insights into urban sprawl
and aiding sustainable urban planning initiatives.

2.3. Analytical methods

2.3.1. Machine learning algorithm: random forest

Machine learning, a facet of artificial intelligence, employs algorithms trained on datasets to automatically generate models capable
of predicting outcomes and classifying data without direct human intervention (Coursera Staff, 2024). Supervised, semi supervised,
unsupervised, and reinforcement machine learning are among the several varieties available (Sarker, 2021). To make predictions based
on known instances, we used Random Forest, a supervised machine-learning algorithm that learns from labeled data (Sarker, 2021). It
constructs an effective ensemble framework by combining many decision trees (Sruthi E R, 2024). It specifies the classification task with
two class labels, such as “yes and no” or “true and false,” where a class may represent the normal condition and a different class the
abnormal one (Ha et al., 2011). For instance, the normal state of the task is “Area has expanded,” while the abnormal state is “Area has
not expanded”. With a special focus on the random forest approach, we used the Python programming language to explore the field of
machine learning. Python is an effective tool for developing machine-learning algorithms because of its large library and simple syntax.
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Table 2

The scale for AUC values (Metz, 1978).
AUC Values Test Quality
0.91-1.00 Excellent
0.81-0.90 Very Good
0.71-0.80 Good
0.61-0.70 Satisfactory
0.51-0.60 Unsatisfactory

On the other hand, Jupyter Notebook offers an interactive environment that is suitable for data exploration, code execution, and result
visualization. For data exploration, the data has been divided into two categories: testing and training sets, with 70% for testing and 30%
for training. Considering the training data, the model generates a random forest classifier. Next, generate predictions according to the
test data, and then utilize the ROC (Receiver Operating Characteristics) curve and AUC (Area Under the Curve) score to determine the
classifier's accuracy (Table 2). A higher AUC indicates greater performance and an ROC curve touching the top-left corner characterizes
a perfect classifier (Evidently AI, 2020). The Random Forest approach was employed to forecast the susceptibility to urban expansion.
The Random Forest machine learning method employs 100 estimators. The dataset is partitioned into two subsets: 70% allocated for
training and the remaining 30% reserved for testing. A state coded 42 was selected at random for this procedure.

This work employed the Random Forest classifier with Python's scikit-learn module (Weiss, 2012), which offers a comprehensive
array of machine learning techniques. Hyperparameter improving was conducted by grid search with cross-validation to optimize the
model. The parameters modified to optimize performance were the number of trees (n_estimators), the maximum depth of trees
(max_depth), and the minimum samples necessary to divide an internal node (min_samples_split). Cross-validation was utilized to avert
overfitting and guarantee the model's effective generalization to novel data (Bickel et al., 2009). We employed the Receiver Operating
Characteristic (ROC) curve and the Area Under the Curve (AUC) score for model performance assessment, ROC and AUC are calculated
from training and testing dataset. The ROC curve illustrates the true positive rate in relation to the false positive rate, while the AUC
signifies the probability that the model prioritizes a randomly selected positive instance above a randomly selected negative one
(Richardson et al., 2024). An elevated AUC value (close to 1) indicates superior performance. Furthermore, accuracy, precision, recall,
and the F1-score were computed to deliver a thorough assessment of the model's performance across many dimensions (Yacouby, 2020).

If the AUC is near to 1, the model performs excellently, clearly distinguishing between positive and negative cases, if the AUC is
around 0.5, the model isn't performing effectively and is almost like making random guesses. if the AUC is close to 0, the model is doing
poorly, often confusing positive cases with negative one (Prasanna, 2024).

2.3.2. Binary logistic regression model

Binary Logistic Regression predicts urban development or non-expansion based on a set of independent variables such as DEM, LST,
NDVI, among others. The binary logistic regression model assumes independent observations, linearity, and no perfect multicollinearity.
Descriptive statistics, assumptions checked and met, model significance, and model fit are part of binary logistic regression model
reporting. Also, the model employs a logit link function to represent the log-odds of the dependent variable as a linear combination of
the independent variables (Harris, 2021, pp. 1-7). To make meaningful inferences, logistic regression model assumptions must be
addressed. First, logistic regression requires linearity between dependent and independent variable log-odds. We checked interaction
and higher-order terms for non-linearity to test this assumption. Second, predictor multicollinearity can skew model coefficients and
statistical significance. Multicollinearity was checked using variance inflation factor (VIF) to ensure no predictor variables were sub-
stantially linked (Statistics, 2024). The residuals confirmed that binary logistic regression implies error independence. A binary logistic
regression model describes how a collection of independent variables and a dependent variable relate to each other (UCLA, 2020). In
this instance, urban expansion serves as the dependent variable (response), while the other variables (DEM, LST, LULC, NDV]I, etc.) are
our independent variables (predictors). We used the Statistical Package for the Social Sciences (SPSS) software to analyze the rela-
tionship between urban expansion and several independent factors using a binary logistic regression model. We build a logistic
regression model to predict the chance of urban expansion based on the values of the independent variables. SPSS simplifies this process
by providing an intuitive interface for variable selection, model fitting, a nd parameter evaluation. After establishing the model, we
evaluated its performance using statistical metrics, specifically focusing on the Cox & Snell R Square and Nagelkerke R Square, which
offer a summary of the model's fit to the data. An improved variant of the Cox & Snell R Square, Nagelkerke's R Square, shows a better fit
to the data with a higher value (Patel, 2021). The model range of values is 0%-100%, with values below 25% indicating the level of
explanation is zero, which means there are no relationships between the independent and dependent variables. 25%-50% indicate a
weak explanation, 50%-75% indicate a moderate explanation, 75%-99% indicate a strong explanation, and 100% indicate a perfect
explanation, which means a strong fit (UCLA, 2020). We acquired Cox & Snell R Square and Nagelkerke R Square values as measures of
the model's goodness-of-fit after doing logistic regression analysis in SPSS. After calculation, the Cox & Snell R Square value, statistic
shows the percentage of the dependent variable's volatility that the model can account for. Additionally, the Nagelkerke R Square value
offers an adjusted measure of explained variance in the dependent variable.

The comprehensive calibration of Random Forest and the compliance with logistic regression assumptions augment the validity of
the findings. The integration of machine learning and statistical models enables a comprehensive analysis of the determinants of urban
growth, while reducing biases and providing dependable predictions.
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3. Results
3.1. Description of parameters

Urban hubs pulsate with life in Dhaka, the bustling capital, and neighboring Narayanganj, where commerce and culture intertwine in
a vibrant tapestry of urban activity and the districts like Barisal, Chittagong, Rajshahi, and Khulna, verdant vegetation landscapes
dominate, providing pockets of green amidst urban sprawl and serving as essential ecological havens (Fig. 3(a)). Dhaka, Chittagong, and
Khulna have emerged as vital economic arteries, drew investments, and nurtured urban expansion, while districts like Mymensingh,
Rangpur, and Sylhet exhibit fewer growth centers, reflecting nuanced economic landscapes (Fig. 3(b)). In Dhaka, Gazipur, and Nar-
ayanganj, population densities paint a vivid picture of urban dynamics and demographic pressures, with bustling city centers pulsating
with energy and activity, while districts like Barisal, Rajshahi, and Khulna accommodate smaller populations, fostering a more tranquil
pace of life (Fig. 3(c)). The lush greenery of Barisal, Rajshahi, and Khulna contrasts with the concrete jungle of Dhaka and Narayanganj,
offering a visual testament to the diverse ecological tapestry of Bangladesh's districts (Fig. 3(d)). Urban settlements cluster densely in
Barisal, Khulna, and Chittagong, echoing the heartbeat of economic and social life, while Comilla, Sylhet, and Rangpur embrace a more
scattered settlement pattern, reflecting a decentralized population distribution and a quieter rural lifestyle (Fig. 3(e)). The dichotomy of
precipitation patterns paints a vivid picture of Bangladesh's hydrological landscape, with Chittagong and Dhaka basking in higher
rainfall, while districts like Rajshahi, Rangpur, Mymensingh, Narayanganj, and Comilla face water scarcity challenges (Fig. 3(f)). Dhaka,
Barisal, Sylhet, Rajshahi, and Khulna boast a rich array of regional facilities, including educational institutions and healthcare facilities,
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anchoring their status as socio-economic hubs, while districts like Comilla, Rangpur, and Mymensingh grapple with fewer amenities,
highlighting regional disparities in infrastructure (Fig. 3(g)). The rugged terrain of Chittagong and Sylhet offers panoramic vistas and
biodiversity hotspots, contrasting with the flat plains of Dhaka, Narayanganj, and Gazipur, which facilitate urban expansion and
infrastructure development (Fig. 3(h)). Chittagong, Narayanganj, and Gazipur emerge as industrial juggernauts, fueling Bangladesh's
economic engine with manufacturing prowess, while Barisal, Rajshahi, and Khulna embrace a more diversified economic landscape,
blending agriculture, commerce, and industry (Fig. 3(i)). The topographical nuances of districts like Dhaka, Narayanganj, and Gazipur,
with their flat terrain, stand in stark contrast to the undulating slopes of Chittagong and Sylhet, shaping accessibility and urban
development patterns (Fig. 3(j)). Dhaka, Gazipur, and Comilla boast extensive road networks, facilitating trade, commerce, and
mobility, while districts like Rajshahi and Khulna grapple with less developed transportation infrastructure, posing challenges for
connectivity and accessibility (Fig. 3(k)). The thermal tapestry of Bangladesh unfolds with Rajshahi higher temperatures, reflecting
urban heat island phenomena, juxtaposed with the cooler climes of Gazipur and Rangpur, offering respite from the sweltering heat
(Fig. 3(1)). Barisal, Comilla, and Khulna serve as aquatic sanctuaries, with extensive water bodies supporting biodiversity and fisheries,
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while Gazipur, Rajshahi, and Rangpur rely on fewer water resources, highlighting the importance of water management and conser-
vation efforts (Fig. 3(m)).

3.2. Description of binary logistic regression model

Table 3 depicts, the digital elevation model (DEM) significantly affects the vulnerability of urban expansion in districts like as Barisal,
Chittagong, Khulna, Sylhet, Rajshahi, and Rangpur, with a statistical significance (P < 0.05). The population affected in Barisal (P =
0.049), Comilla (P = 0.046), Narayanganj (P = 0.048), and Gazipur (P = 0.001). Furthermore, the existence of amenities, growth
centers, and industrial zones has been identified as important factors that have a notable impact on districts like as Dhaka, Comilla, and
Narayanganj. This impact is statistically significant, with a significance level of less than 0.05. Precipitation had a significant impact on
the growth of urban areas in Dhaka (P = 0.035), Chittagong (P = 0.001), Gazipur (P = 0.048), Khulna (P = 0.008), Rajshahi (P = 0.001),
Rangpur (P = 0.042), and Comilla (P = 0.040), with all P values being less than 0.05. The industry shown substantial impacts in
Narayanganj, Barisal, Comilla, Khulna, Rangpur, Mymensingh, and Gazipur. Land surface temperature (LST) and normalized difference
vegetation index (NDVI) have complex connections with urbanization patterns, affecting areas such as Barisal, Chittagong, and Raj-
shahi. The slope has a substantial impact on the urban expansion in Barisal (P = 0.038), Chittagong (P = 0.013), Narayanganj (P =
0.029), and Mymensingh (P = 0.001). The score in Table 3 denotes a metric for assessing the model's fit to the data, with higher values
signifying a better fit. Furthermore, almost all variables demonstrate an excellent fit with the model across all cities. The existence of
infrastructure elements such as roads and settlements demonstrated significant correlations with the vulnerability to urban expansion in
many districts, including Dhaka, Barisal, Comilla, Rangpur, Khulna, and Sylhet. Water bodies significantly contributed to the urban
development of Dhaka, Narayanganj, Khulna, Rajshahi, and Rangpur, as evidenced by statistical study.
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Table 3

Summary of scores and significances for various variables across districts in Bangladesh.
Variables Dhaka Barisal Chittagong Comilla Narayanganj Gazipur Khulna

Score Sig. Score Sig. Score Sig. Score Sig. Score Sig. Score Sig. Score

DEM 0.000 0.994 16.239 0.001 7.064 0.008 1.776 0.183 0.425 0.514 0.196 0.658 28.938
Facilities 29.964 0.001 0.120 0.729 0.005 0.944 5.526 0.019 0.490 0.484 2.097 0.148 8.195
Growth Center 10.742 0.001 7.466 0.006 0.740 0.390 13.219 0.001 0.772 0.380 0.003 0.957 9.219
Industry 0.732 0.392 4.548 0.033 1.130 0.288 2.966 0.045 6.941 0.008 6.007 0.014 3.150
LST 27.900 0.001 5.862 0.015 6.088 0.014 21.580 0.001 24.595 0.001 34.050 0.001 24.576
LULC 63.482 0.001 92.350 0.001 53.311 0.001 66.068 0.001 52.263 0.001 30.717 0.001 161.751
NDVI 22.486 0.001 5.332 0.021 40.491 0.001 1.947 0.163 5.116 0.024 14.310 0.001 14.874
Population 0.009 0.926 3.512 0.049 1.236 0.266 3.848 0.046 3.545 0.048 13.779 0.001 0.041
Precipitation 4.433 0.035 0.751 0.386 13.399 0.001 4.234 0.040 0.002 0.963 2918 0.048 7.071
Road 0.058 0.810 3.808 0.041 0.206 0.650 6.580 0.010 1.337 0.248 2.604 0.107 13.370
Settlement 23.476 0.001 11.397 0.001 2.268 0.132 13.624 0.001 0.912 0.340 0.002 0.963 8.428
Slope 0.957 0.328 4.297 0.038 6.182 0.013 0.886 0.347 4.742 0.029 0.740 0.390 2.299
Waterbody 5.346 0.021 0.003 0.956 1.503 0.220 0.068 0.794 3.755 0.049 1.779 0.182 2,919

*df for all is 1.

The “Model Range” in Table 4 indicates the model's predictive capacity, which ranges from 0% to 100%. A range that is closer to
100% suggests a more robust fit, which implies that the model offers a more comprehensive explanation of the data. Model ranges can be
interpreted as high fit (80%-100%), moderate fit (50%-79%), and low fit (<50%) in order to categorize the results in Table 4. According
to Tables 4 and in Dhaka, the model elucidates between 28.7% and 73.5% of the variability in urban expansion susceptibility.
Meanwhile, Barisal exhibits a broader model range, spanning from 33.6% to 94.2%. Chittagong, on the other hand, presents an
extensive model range, ranging from 16.2% to 99.9%. Comilla's model range extends from 12.1% to 100%. In Narayanganj and Gazipur,
the model demonstrates a model range from 48.4% to 100% and 13.2%-100%. Khulna's model range spans from 30.8% to 92.4%.
However, Sylhet's model range ranges from 30.8% to 48.2%. Rajshahi model range, from 68.3% to 94.2%, while Rangpur's range, from
40.4% to 59.8%, denotes an extent of variability accounted for. Finally, Mymensingh showcases the model range of 44.4%-100%.
Narayanganj or Gazipur indicates that the model is a robust predictor, indicating a high fit and accounting for a significant percentage of
the variation in the dependent variable. Additionally, Rangpur (40.4%-59.8%) demonstrates a moderate level of clarity, wherein the
model accounts for some variance yet allows for enhancement. Finally, districts that have lower model ranges, such as Sylhet (30.8%-—
48.2%), indicate that the model accounts for a lesser proportion of the variation, implying a diminished fit in those regions.

3.3. Urban expansion susceptibility

Fig. 4 and Table 5 illustrate the susceptibility of major urban units in Bangladesh to urban expansion, categorized into three tiers:
low, moderate, and high. The categories were determined based on the raster class produced from the outputs of the Random Forest
model, integrating the governing parameters. The low susceptibility area in Dhaka covers 12.88 square kilometres (0.88%), the in-
termediate susceptibility zone comprises 943.55 square kilometres (64.45%), and the high susceptibility area contains 507.57 square
kilometres (34.67%). In Barisal, the area of low susceptibility spans 24.51 square kilometres (0.88%), the moderate susceptibility zone
comprises 1839.49 square kilometres (66.05%), and the high susceptibility region stretches over 921.00 square kilometres (33.07%).
The region of Chittagong may be categorized into three zones according to vulnerability. A low susceptibility area encompasses 183.32
square kilometres (3.47%), a moderate susceptibility region spans 3759.38 square kilometres (71.16%), while a high susceptibility zone
covers 1340.30 square kilometres (25.37%). Comilla exhibits a low vulnerability, encompassing an area of 118.29 square kilometres
(3.76%). It also displays a moderate susceptibility across 2335.28 square kilometers (74.23%) and a high susceptibility across 692.12
square kilometers (22.00%). The area with low susceptibility in Narayanganj includes 37.62 square kilometers, which accounts for
5.50% of the whole area. The moderate susceptibility zone spans 462.38 square kilometers, making up 67.60% of the total area. Lastly,
the high susceptibility area stretches over 184.00 square kilometers, representing 26.90% of the total area. Gazipur exhibits a low
susceptibility area spanning 121.72 square kilometers (6.74%), a moderate susceptibility region covering 1469.54 square kilometers
(81.37%), and a high susceptibility zone spanning 214.73 square kilometers (11.89%). The low susceptibility region in Khulna spans an
area of 855.95 square kilometers, which accounts for 19.48% of the whole area. The moderate susceptibility zone includes 1968.51
square kilometers, making up 44.80% of the total area. The high susceptibility area stretches over 1569.54 square kilometers, repre-
senting 35.72% of the total area. Sylhet exhibits a small susceptibility area spanning 111.15 square kilometers (3.22%), a moderate
susceptibility area covering 2510.98 square kilometers (72.74%), and a large susceptibility area including 830.21 square kilometers
(24.05%). Rajshahi demonstrates a small susceptibility area of 67.42 square kilometers (2.78%), a moderate susceptibility area of
2016.87 square kilometers (83.17%), and a large susceptibility area of 340.71 square kilometers (14.05%). Rangpur has a small sus-
ceptibility area of 209.37 square kilometers (8.72%), a moderate susceptibility area of 1636.04 square kilometers (68.14%), and a large
susceptibility area of 555.59 square kilometers (23.14%). In Mymensingh, the area with low susceptibility spans 308.97 square kilo-
meters (7.03%), the area with moderate susceptibility contains 3440.41 square kilometers (78.28%), and the area with high suscep-
tibility covers 645.63 square kilometers (14.69%).
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Khulna Sylhet Rajshahi Rangpur Mymensingh

Sig. Score Sig. Score Sig. Score Sig. Score Sig.
0.001 9.436 0.002 52.926 0.001 3.557 0.049 2.472 0.116
0.004 2.520 0.112 56.733 0.001 0.401 0.527 0.427 0.513
0.002 0.304 0.581 11.816 0.001 1.974 0.160 0.480 0.489
0.046 0.257 0.612 2.394 0.122 2.939 0.046 3.572 0.049
0.001 0.105 0.746 21.751 0.001 1.040 0.308 38.521 0.001
0.001 197.341 0.001 311.321 0.001 177.293 0.001 21.688 0.001
0.001 26.508 0.001 40.231 0.001 1.012 0.314 9.913 0.002
0.839 0.840 0.359 0.103 0.748 0.012 0.913 0.819 0.365
0.008 1.774 0.183 44.410 0.001 4.138 0.042 0.375 0.540
0.001 4.604 0.032 7.733 0.005 4.340 0.037 1.610 0.205
0.004 4.860 0.027 5.082 0.024 0.516 0.473 1.813 0.178
0.129 0.968 0.325 0.522 0.470 0.651 0.420 11.024 0.001
0.048 0.746 0.388 24.627 0.001 3.525 0.049 0.535 0.465

3.3.1. Accuracy assessment

In Dhaka, Barisal, Chittagong, Comilla, Narayanganj, Gazipur, Khulna, Rajshahi, and Mymensingh, the AUC values ranged from 0.98
to 1.00, signifying excellent predictive accuracy. Conversely, Sylhet and Rangpur exhibited slightly lower AUC values of 0.89 and 0.85,
respectively, categorizing their predictive performance as “very good” (Fig. 5).

4. Discussion

This research evaluated the susceptibility to urban expansion in eleven major cities in Bangladesh, determining Khulna as the most
susceptible and Dhaka and Barisal as the least susceptible. The research effectively identified significant parameters of urban expansion,
including NDVI, LST, and proximity to industry, through the application of machine learning and geostatistical models. It is essential to
critically assess these findings, particularly in relation to previous literature and recognizing possible anomalies. Numerous studies have
demonstrated that urban expansion poses a significant risk to the world's biodiversity (Di Giulio et al., 2009; Seto et al., 2012; Vimal
et al., 2012). In the context of the globe as a whole, the most significant factor for urban expansion is the presence of green infra-
structure, urban parks, and recreational facilities (Larondelle & Lauf, 2016). Throughout the metropolis, leap-frog and discontinuous
development occurred as a result of anthropogenic activities such as urbanization, which continued to indicate that landscapes were
becoming increasingly complex in shape and structure (Yang and Zhou, 2014). Similarly, vegetation is also considered the most
influencing factor for urban expansion in Ethiopia (Barow et al., 2019). Moreover, machine learning models have been used widely to
predict the susceptibility environmental climate change (Hassan & Nazem, 2016; Haydar et al., 2024; Khosravi et al., 2023; Sadia et al.,
2023) Urban growth can enhance the chance potential of people's activities by providing a more favorable natural environment (Li et al.,
2016). Urban build-up areas, agricultural areas, bushland, forests, residential, industrial, and waterbody are taken as major factors for
the urban expansion where urban and built-up areas, agricultural areas, and water bodies have experienced an increase, while the
residential, industrial areas, bushland, and forests have seen a decrease (El Garouani et al., 2017; Mundia & Aniya, 2005). Over a 28-year
period, the urban area grew at a pace of 2.25% in the Chittagong region, becoming the most prominent land use type as a result of the
conversion of vegetation and settlement (Roy et al., 2020). Similarly, Chittagong has shown high urban expansion susceptibility in this
study. The land use in the urban core consisted of a combination of major and minor industries, commercial structures, office spaces, and
residential units in Bangladesh that there is similarity in Dhaka and Chittagong for urban expansion (Hassan & Nazem, 2016). The

Table 4
Model fitting information's for the Distracts.

Model Summary

—2 Log likelihood Cox & Snell R Square Nagelkerke R Square Model Range
Dhaka 62.576 0.287 0.735 28.7%-73.5%
Barisal 17.422 0.336 0.942 33.6%-94.2%
Chittagong 0.250 0.162 0.999 16.2%-99.9%
Comilla 0.000 0.121 1.000 12.1%-100%
Narayanganj 0.000 0.484 1.000 48.4%-100%
Gazipur 0.000 0.132 1.000 13.2%-100%
Khulna 32.452 0.308 0.924 30.8%-92.4%
Sylhet 611.863 0.308 0.482 30.8%-48.2%
Rajshahi 80.954 0.683 0.942 68.3%-94.2%
Rangpur 388.933 0.404 0.598 40.4%-59.8%
Mymensingh 0.000 0.444 1.000 44.4%-100%
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(4)] (k)

Fig. 4. Urban expansion susceptibility in (a) Dhaka, (b) Barisal, (c) Chittagong, (d) Comilla, (e) Narayanganj, (f) Gazipur, (g) Khulna, (h) Sylhet, (i)
Rajshahi, (j) Rangpur, (k) Mymensingh.
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Table 5

Distribution of urban expansion susceptibility across different districts in Bangladesh.
Districts Name Low Moderate High

Area (Sq.km) % Area (Sq.km) % Area (Sq.km) %

Dhaka 12.8832 0.88% 943.55 64.45% 507.57 34.67%
Barisal 24.508 0.88% 1839.49 66.05% 921.00 33.07%
Chittagong 183.3201 3.47% 3759.38 71.16% 1340.30 25.37%
Comilla 118.2896 3.76% 2335.28 74.23% 692.12 22.00%
Narayanganj 37.62 5.50% 462.38 67.60% 184.00 26.90%
Gazipur 121.7244 6.74% 1469.54 81.37% 214.73 11.89%
Khulna 855.9512 19.48% 1968.51 44.80% 1569.54 35.72%
Sylhet 111.1544 3.22% 2510.98 72.74% 830.21 24.05%
Rajshahi 67.415 2.78% 2016.87 83.17% 340.71 14.05%
Rangpur 209.3672 8.72% 1636.04 68.14% 555.59 23.14%
Mymensingh 308.9685 7.03% 3440.41 78.28% 645.63 14.69%

steady shifts in landscape measures across the five cities (Rajshahi, Rangpur, Sylhet, Khulna, and Barisal) show that disturbances and
human activity are always transforming landscapes from one dominant land cover to another (Yang and Zhou, 2014). In this study, the
similar results have been found on urban expansion in Rajshahi, Rangpur, Sylhet, Khulna, and Barisal. In Rangpur, scholars showed that
5670 hectors of land in all directions with settlement, industrial, and commercial infrastructure, are rapidly increasing, indicating the
loss of agricultural land and bare soil with rising temperatures and increased urban expansion due to parameters industry, growth center
and settlements (N. Rahman, 2019). Khulna's polycentric urban expansion is due to strong road system development, port formation,
and city authority initiatives. The 2015 Mongla Port, 2008 Khulna-Jessore bypass road, and 2016 Khulna-Mongla Rail link are enabling
exports and imports to India. This bypass is connected by three auxiliary routes across Khan Jahan Ali, Dumuria, and Batiaghata
(Moniruzzaman et al., 2012). The transportation network development led to polycentric urban growth in Khulna (Alam et al.,
2023).Furthermore, the primary cause is the recovery of industry and the formation of new industries that impact the urban expansion of
both core and periphery regions in Bangladesh. The jute industry in Khulna faced difficulties under several political administrations;
nevertheless, a 2010 strategy promoting public-private partnerships facilitated the regeneration of the industrial sector and encouraged
urban development. Following to 2017, the revitalization of the industrial sector and the establishment of new firms in urban pe-
ripheries generated employment prospects, drawing migrants impacted by catastrophes and poverty to reside or utilize the region as a
dormitory (Noorhosseini et al., 2017; Su et al., 2013). Some scholars identified the most important factors; density gradients (Landis,
2017); land-use mix, road network, and activity centering (Ewing & Hamidi, 2017). In the regional context, the urban expansion rate is
2.5% as increasing of the transformation of rural settlements and agricultural land during 28 years in the Chittagong Metropolitan Area
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(CMA) (Roy et al., 2020). Another research (Hassan & Nazem, 2016) stated that Chittagong City has grown by 61.8%, at a yearly growth
rate of 17.5%. Nowadays, urban expansion is happening regular year in Bangladesh such as in Dhaka where the built-up area increased
from 46% to 58% of the entire study area (Ahmed & Ahmed, 2012), urban growth occurred in Rajshahi, Sylhet, and Rangpur between
1973 and 1989 at rates of 12.66%, 11.02%, and 13%, respectively (Hassan, 2017). The results of this study provide a scientific un-
derstanding of the factors that lead to urban expansion and how susceptible they are. It is obvious, based on an analysis of data related to
the major urban units, that a significant portion of Khulna (specifically, 35.72%) is situated in an area with the greatest urban expansion.
Conversely, 83.17 percent of the main urban unit area in Rajshahi is characterized by urban expansion at a moderate level. On the
contrary, approximately 0.88% of the land area in Dhaka and Barisal falls within the lowest urban expansion zone. The differences in
economic growth and activities, also geographical size and location influence the rate of urban expansion (Hassan, 2017; M. S. Rahman
et al., 2019; Yousaf Raza et al., 2023).

A particular subject of concern is the decreased AUC values observed for Sylhet and Rangpur in comparison to other districts. This
may arise from geographical disparities in data accessibility, changes in topography, or inconsistencies in socio-economic activity.
Sylhet, characterized by substantial vegetation and high precipitation, may display growth patterns distinct from those of more
industrialized regions, hence resulting in problems to model forecasting. Comparable variations have been identified in other areas with
distinct environmental characteristics, as documented in research on urbanization patterns in Ethiopia (Barow et al., 2018). Although
these constraints, our results concerning NDVI and LST as key elements in urban expansion are consistent with global research on urban
sprawl, especially in regions where accelerated vegetation loss is closely associated with urban expansion (Foley et al., 2005). None-
theless, several of our findings deviate from the established literature. While most studies recognize population density as a principal
factor in urban expansion, our findings underscore the significance of industry and regional infrastructure as more pivotal in areas like as
Dhaka and Khulna. This discrepancy may stem from Bangladesh's distinct socio-economic environment, where industrial development
frequently occurs prior to population expansion, in contrast to other areas where urbanization is a response to demographic pressures
(Roy et al., 2020).

The LULC in different regions exhibits different rates and patterns of land conversion from non-urban to urban. Factors such as
current land utilization (vegetation, water bodies), accessibility to infrastructure (roads, regional facilities, growth centers, industry,
settlements), and the proximity to urban centers substantially affect the probability of an area developing into an urban environment.
These findings offer essential guidance for policymakers, indicating that infrastructure development, especially in industrial hubs,
requires careful oversight to prevent unsustainable urban expansion. This study advances Sustainable Development Goals (SDGs),
specifically Goal 11 (“Sustainable Cities and Communities”), by discerning regions susceptible to urban expansion to enhance land
utilization. It further advances Goal 15 (“Life on Land”) by safeguarding ecosystems, Goal 9 (“Industry, Innovation, and Infrastructure™)
through enhanced infrastructure planning, and Goal 13 (“Climate Action”) by regulating urban expansion in climate-sensitive regions
Moreover, although our models demonstrate robust prediction capability (AUC values ranging from 0.89 to 1.00), subsequent research
should incorporate economic factors like GDP and employment to provide a more refined comprehension of urban growth dynamics.
Furthermore, employing high-resolution data in forthcoming studies could reduce certain anomalies and improve model accuracy.

5. Conclusion

This study aimed to determine the susceptibility of urban expansion using the binary logistic regression model and data-driven
machine learning algorithm. The study indicates that Khulna has the highest susceptibility to urban expansion, covering 35.72% of
its total area, succeeded by Chittagong at 25.37% and Dhaka at 34.67%. Rajshahi demonstrates the greatest moderate susceptibility at
83.17%, while Comilla and Barisal also possess significant proportions in the moderate category, at 74.23% and 66.05%, respectively.
Regions with low susceptibilty encompass Dhaka (0.88%) and Barisal (0.88%), signifying negligible danger for imminent urban growth.
Gazipur has intermediate susceptibility at 81.37%, with a mere 11.89% indicating high susceptibility. The ROC-AUC of random forest
for Dhaka, Barisal, Chittagong, Comilla, Narayanganj, Gazipur, Khulna, Rajshahi, and Mymensingh ranged from 0.98 to 1.00, indicating
exceptional predictive accuracy. On the other hand, Sylhet and Rangpur exhibited somewhat lower values of 0.89 and 0.85, respec-
tively. The findings indicate that urban expansion susceptibility is mostly affected by factors including DEM, Industry, LST, LULC, NDVI,
precipitation, road, and settlement, also found significant in Binary Logistic Regression model. This investigation is subject to specific
limits. The majority of datasets employed in this study were updated to the greatest extent feasible. This research is constrained by
various limits, including high-resolution images, spatio-temporal analysis employing machine learning methods, and economic con-
siderations such as GDP and employment. Moreover, alterations in regulating parameters may provide varying outcomes based on the
local setting. This strategy will improve our capacity to identify and quantify the elements affecting the variability in urban expansion
susceptibility, providing a more comprehensive knowledge of regional urbanization changes. This study strengthens SDG 11 by iden-
tifying urban expansion-prone zones to improve land use. It advances Goal 15 by protecting ecosystems, Goal 9 by improving infra-
structure planning, and Goal 13 by limiting urban expansion in climate-sensitive zones. Mitigating the effects of growing urbanization
on rural regions necessitates proactive development plans, with forthcoming research emphasizing machine learning for enhanced
evaluations of urban expansion.
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