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Abstract  

Forecasting urban sprawl is important for land-use and transport planning. The aim of this study is to model and 

predict the future urban sprawl in Sylhet Sadar using remote sensing data. The ordinary least square (OLS) 

regression model and the geographic information system (GIS) are used for modeling urban expansion. The model is 

calibrated for the years 2014 to 2017 using eight explanatory variables extracted from the regression model. The 

regression coefficients of the variables are found statistically significant at a 99% confidence level. The cellular 

automata (CA) model is then used to analyze, model, and simulate the land-use and land-cover (LULC) changes by 

incorporating the algorithm of logistic regression (LR). The calibrated model is used to predict the 2020 map, and the 

result shows that the predicted map and the actual map of 2020 are well agreed. By using the calibrated model, the 

simulated prediction map of 2035 shows an urban cell expansion of 220% between 2020 and 2035. 
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1. Introduction 

Urbanization is one of the most significant human activities, influencing the quality of urban life and its long-term 

development all over the world [1]. Before the 1950s, developed countries experienced rapid urbanization, resulting in an 

increase in urban growth and a major decline in agricultural fields [2]. However, urbanization in developing countries in recent 

years has outpaced that of developed countries [3]. Urbanization can be the index of measuring the economic progress and 

development of a country, but urbanization in developing countries is accompanied by unemployment, poverty, crumbling 

infrastructure, environmental degradation, and the unmanageable spread of informal settlements [4]. In many parts of the 

world, urban sprawl can have a significant impact on the quality of life. As a result, developments in urbanization and their 

magnitude should be regularly observed [5]. Then, it can be possible to control the urbanization process and create sustainable 

developments [6]. 

Inadequate land-use planning, poor urban governance, and the lack of plans, rules, and implementation are all factors that 

contribute to urban sprawl [7]. For efficient planning, city governments and municipal corporations require an understanding 

of the urban sprawl phenomenon and its future movement. One of the most basic operations necessary for studying urban 

sprawl is mapping the built-up region. Using traditional surveys to assess urban sprawl is complex, time-consuming, and 

expensive. Furthermore, such data is not available for municipal corporations, particularly in developing nations. Taking into 
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account the cost-effectiveness, researchers must therefore rely on geographic information system (GIS) and remote sensing 

(RS) technologies to estimate the volume and direction of urban expansion [8]. Hence, it is required to justify artificial 

simulations for modeling the complexity of land-use change dynamics [9]. 

In Bangladesh, unplanned and haphazard urbanization is a common phenomenon [10]. Following the British departure 

from the Indian subcontinent, urban areas began to rise steadily. After the independence in 1971, the rate increased 

significantly. However, it was solely confined to Dhaka city at that time. After 1991, rapid urbanization began in Sylhet as well 

[11]. Over the last few decades, Sylhet has experienced fast but chaotic urbanization. According to a report published by the 

United Nations Population Fund (UNFPA) in 2016 [12], the urban area of Sylhet City Corporation grew from 10.49 square 

kilometers to 26.50 square kilometers in the 20 years between 1991 and 2011. The city is the sixth most urbanized in 

Bangladesh according to the 2001 population census [13]. This city’s population is growing at a rate several times faster than 

most of the cities in the country. The rapid and unregulated urbanization of Sylhet, as well as the loss of arable lands and water 

bodies, are a matter of concern for this city. 

To control the haphazard expansion of Sylhet city, it is essential to know the expansion patterns and the factors driving it. 

Although many studies in the literature have been found to explore the causes and patterns of urban expansion in the case of 

developed countries [14-16], this type of study for the cities in Bangladesh like Sylhet is very limited. The land-use and 

land-cover (LULC) of Sylhet city and its vicinity have altered due to unplanned urbanization and the capturing of lowland by 

real estate companies [17]. It was reported that water bodies of Sylhet district were reduced by 57% and 17% by the years 

1988-1997 and 1997-2006 respectively, and unplanned urbanization played the key role in this reduction [18]. Although 

existing studies have captured the phenomena of haphazard urban expansion, none of them have explored the driving factors 

behind it, let alone modeling and predicting the future scenario of urban sprawl.  

Thus, the goal of this study is to understand the urban sprawl of Sylhet Sadar, as well as the driving factors behind it, and 

to forecast future urban expansion. The following sections present the materials and methods used in this study, the analysis of 

the result obtained, and finally the discussion conducted regarding the findings. 

2. Materials and Methods 

This section describes the design adopted in this research, which includes data collection and image pre-processing, 

LULC map preparation, accuracy assessment regarding classification, selection, and preparation of independent variables, 

urban sprawl modeling using the ordinary least square (OLS) regression, model calibration and validation using the cellular 

automata (CA) model, and future LULC prediction.  

2.1.   Study area 

The Sylhet Sadar Upazila (SSU), located in the Sylhet district, is a rapidly developing and resourceful area in 

Bangladesh’s northeast part. Gowainghat, Companiganj, and Jaintiapur Upazila border it on the north, Dakshin Surma 

Upazila on the south, Golapganj and Kanaighat Upazila on the east, and Chhatak (Sunamganj district) and 

BishwanathUpazila on the west. Its coordinates are 24.8917°N 91.8833°E (Fig. 1). According to the 2011 census, the city 

has a population of 531,663 people and a density of 995 people per sq. km. The city’s population growth rate is currently 

1.73 percent, down from 1.93 percent in 1991. A thematic presentation of the methodology to be adopted under this study is 

shown in Fig. 2 below. 
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Fig. 1 Study area (Sylhet Sadar Upazila) 

 

 

Fig. 2 Methodology of this study  

2.2.   Data collection 

Various raster data and vector data are collected for this study. Raster data includes satellite data which consists of 

Landsat images of various sensors. Table 1 shows different data types and the related details such as their sources, date of 

acquisition, pixel size, and cloud cover. 

Table 1 Data used and its source 

Data Source Time Cloud cover (%) Pixel size 

Landsat image 2014 (Landsat 8 OLI) United States Geological Survey 19-02-2014 0 30m 

Landsat image 2017 (Landsat 8 OLI) United States Geological Survey 26-01-2017 0 30m 

Landsat image 2020 (Landsat 8 OLI) United States Geological Survey 04-02-2020 0 30m 

Shapefiles of variables Open Street Maps - - - 
 

2.3.   Data preparation 

2.3.1.   Classification of satellite images 

The classification of images is one of the most important aspects to consider when performing any kind of LULC analysis 

[19]. Landsat images of the year 2014, 2017, and 2020 are classified into four specific LULC groups, i.e., (a) urban areas, (b) 

vegetation, (c) water bodies, and (d) bare land, by using the maximum likelihood classification in ArcMap. The result of the 

classification is visualized in ArcGIS, as shown in Fig. 3. 

Satellite Data Collection 

Image Pre-processing 

LULC Map Preparation 

Accuracy Assessment 

Model Calibration 

Model Validation 

Future Urban Sprawl Prediction 

Identification of Variables of  

Urban Sprawl 

Preparation and Resampling of 

Thematic Raster Maps of Variables 
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(a) 2014 (b) 2017 (c) 2020 

Fig. 3 LULC maps of the Landsat images 

2.3.2.   Accuracy assessment of classified images 

For this study, the images are categorized into four specific LULC groups, i.e., (a) urban areas, (b) vegetation, (c) water 

bodies, and (d) bare land, by using the maximum likelihood classification. For accuracy assessment of the classification, each 

classified map is evaluated by selecting 300 random points on them and cross-checked with Google Earth Pro images to assure 

that the right land-cover class is assigned to them. Random points are selected considering that all pixels for each land-cover 

class for accuracy assessment are not feasible. This is done in ArcGIS. 

The user’s accuracy is the accuracy from the point of view of a map user, not the map maker. The user’s accuracy 

essentially tells how often the class on the map will be present on the ground. The producer’s accuracy is the map accuracy 

from the point of view of the map maker (the producer). This refers to how often the real features on the ground are correctly 

shown on the classified map or the probability that a certain land cover of an area on the ground is classified as such. A 

summary of the classification accuracies is shown in Table 2, indicating a substantial agreement between the user’s accuracy 

and the producer’s accuracy. The kappa value of the accuracy assessment of all the three maps is greater than 0.8, which 

indicates a substantial agreement between the classified map and the reference data. 

Table 2 Summary of classification accuracies for LULC maps 

Respective year User’s accuracy (%) Producer’s accuracy (%) Kappa 

2014 89.34 81.66 0.903 

2017 88 76 0.82 

2020 89.09 76.6 0.81 
 

2.3.3.   Thematic raster maps of independent variables 

In regression models, defining and analyzing the relationship between the driving forces of land-use/cover change is a 

complex and challenging task. Since the drivers of land-use change are the key factors that can support understanding the 

processes of land-use shifting from non-urban to urban, selecting the driving forces of land use is an important part of urban 

growth modeling.  

Eight independent variables are projected into the same spatial resolution and geographical coordinate system as that of 

the LULC maps. To input these factors into the OLS model, thematic raster maps are prepared for all the variables using the 

Euclidean distance function built-in ArcGIS (Fig. 4). The measured distance from each cell to the nearest source is stored in the 

Euclidean distance output raster. The values are stretched along the color ramp in this case. The Euclidean distance output 

raster is categorized into two classes: zero and one. One represents cells further away from the sources (independent variables), 

and zero represents cells closer to the sources. For example, for the variable “distance to Shahjalal University of Science and 

Technology (SUST)” (Fig. 4(f)), the blue zone denotes cells that are closer to SUST, while the red zone denotes cells that are 

further away. 
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(a) Distance to major roads (b) Distance to waterways 

  
(c) Distance to dense urban areas (d) Distance to less dense urban areas 

  
(e) Distance to Osmani international airport (f) Distance to SUST 

  
(g) Distance to Jointa-gate (h) Distance to Lalabazar point 

Fig. 4 Thematic raster maps of variables 

For choosing the drivers of land-use changes, no fixed or global formula exists. Therefore, the reivers of land-use changes 

are selected on a case-to-case basis. The search for drivers of urban sprawl in this study starts with a trial-and-error procedure 

consisting of many variables (e.g., distance to forests, distance to religious monuments, distance to tourist spots, slope, etc.) but 

ends up selecting the eight factors found to be significant in the regression model. 

The hypothesis regarding the impact of the driving factors of urban sprawl is drawn based on the finding of similar studies 

in the literature. For example, “distance from roads” is an important factor for urban sprawl as it has a significant impact on 

human activities, the environment, and socioeconomic development. “Distance to existing roads” controls human choices on 

housing, workplace, and schools as it has an impact on transportation costs, time, and comfort. Similarly, “proximity to urban 

cores” is a significant factor as it is related to good accessibility of settlements, affordable housing, job opportunities, 

transportation facilities, etc.  
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2.4.   Modeling 

 Models are the tools used by researchers for studying the behavior of urban sprawl and examining the driving factors 

which influence this expansion. The structure simulation model (SEM) has been commonly used to model urban sprawl. It is a 

type of multiple regression analysis used to analyze structural relationships between dependent and independent variables. 

However, SEM is not appropriate to use when dependent variables have spatial characteristics. Rule-based simulation models 

(RSMs), such as the CA model, can be used with this kind of variable. Although the CA model can simulate the spatial pattern, 

it cannot interpret the driving factors of urban sprawl. Since regression is a widely used statistical tool for examining and 

modeling the relationships between variables, a combination of OLS regression and CA is used in this study. 

2.4.1.    Ordinary least square regression model 

OLS is used for estimating unknown parameters in a linear regression model. OLS estimates the parameters of a linear 

function by minimizing the sum of squares of the differences between the observed and predicted values of the dependent 

variable. The general equation of the OLS model can be written as: 

0

1

p

i ij j i

j

y X
=

= + +∑β β ε  (1) 

where �� is the intercept coefficient, �� is the slope coefficient for the ��� independent variable ��, Ԑ	 is the random error term 

with N (0,
�I), and I is the n × n identity matrix. 

The dependent variable, i.e., urban expansion, is presented in a raster map. The role of independent explanatory factors is 

reflected in the regression coefficient. The dependent variable indicates urban growth from 2014 to 2017. Data from 2014 to 

2017 are used in the modeling process for model calibration. Validation is done with the actual 2020 growth map and the 

predicted one, while future pattern projection is done with the data from 2020. 

2.4.2.   Cellular automata (CA) model 

The CA model is used to simulate future LULC changes using the MOLUSCE plugin in QGIS 2.18.24. The plugin covers 

several procedures such as area change analysis, modeling techniques, simulation, and validation. The CA model accounts for 

both static and dynamic aspects of LULC changes, resulting in higher prediction accuracy [20]. To map realistic urban 

expansion patterns and LULC change dynamics, the CA model uses a bottom-up approach [21-22]. The expression of the CA 

model is shown in Eq. (2) [23]. 

( , 1) ( ( ), )S t t f S t N+ =  (2) 

where S(t + 1) is the system status at the time of (t, t + 1) that is functioned by the state probability of any time (N).  

2.4.3.   Model calibration  

 Researchers have used hybrid models such as a combination of CA and LR to model urban growth patterns and their 

driving factors [24]. Although the logistic regression (LR) learning model is well-known for its adaptability to both 

classification and regression problems [25], its shortcomings can be addressed by using a combination of CA and LR [26]. The 

model is first calibrated by simulating the period 2014 to 2017 in ArcMap using OLS. Next, the model is trained by using the 

LR under CA. For calibration from 2014 to 2017 (by overlaying the 2014 and 2017 maps), the urbanized areas are extracted for 

creating an overlay map. From the map overlaid, the following classes of land use are found: (i) undeveloped region, (ii) 

developed region, and (iii) change region. Overall, 28,500 points are randomly selected from the undeveloped cells and 
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developed cells for training, whereas the selected point from the change region is null as this is not common in both the 2014 

and 2017 maps. The dependent variable includes zeros (0) and ones (+1) in compliance with the regression model where zero 

and one stand for non-urban and urban areas respectively. 

2.4.4.   Model validation  

 For model training in QGIS, the explanatory variables (used for model calibration) and the LULC maps (2014 and 2017) 

are imported into QGIS. Then, the model is trained using LR. A prediction of 2020 is made and validated using the actual 

LULC map of 2020. For evaluating the performance matrix, Kappa statistic is used. Kappa statistic can be presented 

mathematically as shown in Eqs. (3)-(5) [27]. 
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where 	� is the observed proportion; � is the expected proportion; ��� is the total number of correctly classified points by the 

class along the diagonal of the error matrix; N is the total number of points checked (sampled); ��  is the proportion of correctly 

classified sample points by the class at the diagonal of the error matrix (i.e., ���/� ); �� is the marginal distribution of the 

sample data (���/� where  ��� is the row sum by class); �� 	is the marginal distribution of the reference data (���/� where 

��� is the column sum of class); m is the total number of classes  

 The Kappa statistic is more reliable than other validation techniques because it can evaluate the actual agreement and 

chance agreement [28]. Kappa statistic is calculated from a performance matrix obtained from the evaluation of the reference 

data with the predicted values.  

3. Analysis of Result  

3.1.   Visualization of land-use change from 2014 to 2017 

To visualize the changes in built-up areas over three years, a change map is created by overlaying the LULC maps of 2014 

and 2017 (Fig. 3). The green color (change zone) represents cells that change over three years (2014-2017), whilst the blue and 

red colors represent zones that remain non-urban and urban during that time, respectively (Fig. 5). 

 

Fig. 5 Land-use change map from 2014 to 2017 
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3.2.   Regression model results 

The findings of the simulation of urban sprawl behavior are shown in Table 3. The correlation of independent variables of 

the regression model is examined by checking multicollinearity. The variance inflation factor (VIF) is used for checking 

multicollinearity. The VIF should not exceed ten as a general rule of thumb [29]. Although the VIF of the factors such as 

“distance to the airport” and “distance to SUST” is found higher than the threshold, these variables are kept in the model for a 

strong hypothesis. However, the limitation of the model, due to the potential risk of multicollinearity of the variables, is 

acknowledged. The multicollinearity issue is not found critical for other variables.  

Table 3 OLS results of the simulation for 2014-2017 

Variable Coefficient Standard error t-statistics Probability VIF 

Intercept 0.819644 0.018762 43.69 0.000000* - 

Distance to dense urban areas -0.000280 0.000014 -19.31 0.000000* 1.84 

Distance to less dense urban areas -0.000635 0.000009 -70.58 0.000000* 1.97 

Distance to Osmani international airport 0.000036 0.000001 25.76 0.000000* 12.11 

Distance to major roads -0.000009 0.000002 -5.15 0.000001* 2.20 

Distance to waterways 0.000026 0.000002 13.88 0.000000* 3.88 

Distance to SUST -0.000073 0.000002 -46.80 0.000000* 11.49 

Distance to Jointa-gate -0.000018 0.000001 -36.79 0.000000* 1.80 

Distance to Lalabazar point 0.000022 0.000001 19.50 0.000000* 6.31 
 

The statistically significant factors (p < 0.01) are shown using an asterisk sign (*) in Table 3. The table shows that dense 

urban areas, which mostly include industrial and commercial centers such as Zindabazar, Ambarkhana, and Nayasharak, have 

an impact on urban expansion. This result reflects the study area’s polycentric nature. The most striking feature is that the 

coefficients for the densely urbanized areas and the less densely urbanized area variables are both negative. Urban sprawl is 

more likely to occur in the areas adjacent to the urbanized clusters, i.e., the estimate for the variable distance to the nearest 

highly urbanized area is found at 0.000280, implying that increasing the distance from the urban area decreases the probability 

of urbanization. 

For large cities, the expansion of cities tends to occur in areas that are further away from waterways. In a developing 

country like Bangladesh, however, the situation is the opposite due to a lack of water transportation and infrastructure 

development near waterways. The model shows that the variable of “distance to highways” has a substantial impact on urban 

development, which is clear. “Distance to existing roadways” influences human decisions on housing, employment, and 

education. 

The model demonstrates that the variable “distance to SUST (educational area)” has a significant effect on urban 

development. Each year, thousands of students from all over the country come to study at SUST; most of them are 

non-residents of the city. As a result, shops, markets, hospital facilities, etc. have developed near SUST. 

The factors “distance to Lalabazar point” and “distance to the airport” are located at the southern and northern sides of the 

study area respectively. They have coefficients with positive signs indicating that urban growth does not tend to occur close to 

those areas, whereas it is found that urban expansion tends to take place near Jointa-gate on the eastern side. This indicates an 

unbalanced urban expansion pattern in different directions of the city. 

3.3.   Cellular automata (CA) model calibration 

To calibrate the CA model, the variables found to be significant in the regression model are used as the independent 

variables, and the dependent variables comprise urban and non-urban areas. To simulate the LULC map of 2020, the LULC 

map of 2017 is used as the base map, and the matrix conversion probabilities and conditional probability images from 2014 to 

2017 are used as inputs. 
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3.4.   Validation  

Kappa statistic is used to analyze the performance of the CA model and the consequent predicted maps used in this study. 

The performance matrix obtained from the comparison of the reference data with the anticipated values is used to calculate the 

Kappa statistic. The calculated Kappa statistic value is 0.69633 which indicates a strong agreement between the actual map and 

the simulated map for the year 2020 [30]. 

The calibration model is then validated to assess the prediction power of the calibration model (from 2014 to 2017) in 

forecasting future urban expansion. Therefore, the known urbanized area of 2020 is first forecasted (Fig. 6) and then validated 

using the reference data for 2020.  

True positive (TP), false positive (FP), true negative (TN), and false negative (FN) matches of the simulated 2020 map 

and actual 2020 map are considered for validation. Fig. 7 presents the overlay map of the actual and simulated 2020 maps. The 

model prediction accuracy in validation is presented in Table 4. Here, TP denotes urban cells in both the simulated and actual 

2020 maps, whereas TN denotes non-urban cells in both maps. FP represents cells that are non-urban in the actual map but 

urban in the simulated map, whereas FN denotes cells that are urban in the actual map but non-urban in the simulated map. 

Table 4 shows that 90.17 percent of the total predicted cells are correct, whereas 9.83 percent are incorrectly predicted. 

The data from the actual and predicted maps of 2020 (areas in sq km) are plotted as a bar diagram (Fig. 8), and it is found 

that the values of areas of land-use classes in the two maps are very close. The difference between the two maps is calculated 

using root mean square error, and it is found to be around 3, indicating a major similarity between the actual and predicted maps. 

  

(a) Actual LULC map of 2020 (b) Predicted LULC map of 2020 

Fig. 6 Predicted LULC map of 2020 and actual LULC map of 2020 

 

Table 4 Confusion matrix of the actual and prediction result for 2020 

- 
Reference data of 2020 

Developed Undeveloped 

Simulated data 

of 2020 

Developed 49,010 (TP) 30,382 (FP) 

Undeveloped 25,889 (FN) 467,068 (TN) 

 

 

Fig. 7 LULC simulation result of 2020 
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Fig. 8 Comparison between the actual value and predicted value (in terms of area)  

3.5.   Prediction of future urban sprawl 

Calibrating the model by simulating from 2014 to 2017, urban growth prediction for the future is done using the variables 

mentioned in Table 3. It is assumed that the variables will remain relatively unchanged during the prediction period. The final 

prediction of the LULC map for 2035 is shown in Fig. 9. 

Based on the actual maps, it is found that Sylhet Sadar expands approximately by 52.57% (in terms of cells) from 2014 to 

2020. The analysis of the predicted map of 2035 and the actual map of 2020 in ArcGIS shows an urban expansion of 220% in 

terms of cells, where the cell denotes the smallest unit of information in raster data that represents a portion of the earth (Table 5). 

The transition rate between distinct LULC categories is an important factor to be considered when determining the factors 

that have a substantial impact on LULC alterations. Fig. 10 depicts the change in LULC classes over the years. A negative 

value indicates a reduction in LULC classes over the period, a positive value indicates the increase in LULC classes, and zero 

means no change in LULC classes (e.g., urban-urban, vegetation-vegetation, etc.). It is observed that water bodies, bare land, 

and vegetation decrease in terms of area (square kilometers) whereas urban areas are found to increase over the years. From 

2014 to 2035, the urban area expansion is 36.496%, and the vegetation, bare land, and water bodies are found to decrease by 

22.3%, 13.192%, and 1.006% in terms of area respectively. The gradual alteration of different LULC classes is seen in nearby 

metropolitan regions, resulting in intensive change dynamics. Waterbodies, barren terrain, and vegetation next to metropolitan 

areas are all particularly vulnerable to infrastructure construction.  

 

Fig. 9 Predicted LULC map of 2035 

 

Table 5 Urban growth from 2014 to 2035 (predicted) 

Year No. of cells (urban) Cell expansion (urban) 

2014 36,487 - 

2020 55,670 19,183 (52.57%) (2014-2020) 

2035 178,353 122,683 (220%) (2020-2035)   
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Fig. 10 Change of LULC classes (in terms of area) 

4. Discussion 

Based on the developed model, the urbanization process is found to be influenced by land-use variables. An econometric 

variable such as “distance to an educational zone” is added to the model to get a better understanding of the urbanization 

process. The results indicate that urbanization is happening in all directions of the city, but the pattern is unbalanced. 

The urbanization forecasting for 2035 provides a useful insight for planners and policymakers. The growth of Sylhet city 

by 2035 is a consequence of urban sprawl as urbanization is supposed to expand adjacent to the neighboring urban cluster. 

Therefore, urban planning and development measures can be considered to control the urban expansion of Sylhet city. 

Considering the predictive models in the planning stage will ensure effective planning for sustainable urban development. The 

findings of this study may help urban planners to visualize future urban expansion of the city and to take necessary measures 

accordingly.   

The prediction map also provides insights into the LULC transformation process. From 2020 to 2035, vegetation is 

predicted to decrease by 13.06%, bare land by 11.78%, and water bodies by 0.76%. However, the urban area is predicted to 

increase by 25.605%. It is clearly found that waterbody, bare land, and vegetation experience negative growth; hence, positive 

growth is seen in urban classes. The intense change dynamics are noticed in neighboring urban areas with the steady 

transformation of different LULC classes. The waterbody, bare land, and vegetation, adjacent to the urban areas, are highly 

susceptible to transformation by the construction of infrastructure. 

Urban expansion is correlated with many dynamic phenomena, and therefore cannot be predicted with 100% accuracy. 

The limitation of this study is the capacity to identify whether urbanization takes place toward the city or away from the city. 

Also, the lack of availability of satellite images of proper quality makes it compulsory to use a small interval of input data 

(satellite data from 2014 to 2017), which places a constraint on the rationality of this study.  

The images used in this study are Landsat 8 images. These data files are twice as large as those from previous Landsats 

because it collects more precise data and includes observations from two new spectral bands. This results in crisper images 

with colors that do not saturate. However, Landsat 8 images of the study area before 2014 are not available. Therefore, in 

order to have a more precise classification of images, the input data starting from 2014 are used here. This study only 

focuses on the pixel change in determining the urban sprawl. The dispersion or concentration of pixels is not considered here 

and can be addressed in the future study. Also, the accuracy assessment per land-cover class and sensitivity is not considered 

in this study. 
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5. Conclusions 

A model was developed in this study for predicting the future urban sprawl of Sylhet city. The independent variables used 

in the model were found statistically significant at a 99% confidence interval, which implies that all the variables estimated 

have a significant contribution to the urban sprawl of Sylhet city. The land-use change predicted for the year 2035 gives 

important insight to policymakers and planners. The predicted growth of Sylhet city indicates urban sprawl as urban areas are 

expanding adjacent to the neighboring urban cluster.  

Sylhet, one of the largest cities in Bangladesh, receives significant attention from the Bangladesh government. Therefore, 

integrating the predictive model into city planning will convert the present typical planning into state-of-the-art planning 

ensuring sustainable development. The findings of this study will help the urban planners and policymakers in foreseeing 

future urban expansion to take the appropriate planning and policy steps. These study findings will also give a signal to the 

planners and policymakers in Sylhet and other major cities in Bangladesh which requires immediate steps to control the 

persistent urban sprawl. Otherwise, the uncontrolled urban sprawl will put intense pressure on transport, infrastructure, 

housing, and the environment.  
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