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Abstract: Urban sprawl has become a very complex process, because it has many factors affecting
its directions and values. The study of relative research shows that the driving forces that lead and
redirect future urban sprawl require the application of a statistical method. In our study, logistic
regressions were used to analyze and class the driving forces for urban sprawl. Identifying the
driving forces, which is the most important step in predicting the future of urban sprawl in 2037, was
performed using the cellular automata models. This study takes the Aswan area as a case study in the
period from 2001 to 2013 by analyzing the official detailed plan and Google Earth historical imagery.
Almost all data was prepared for logistic regression analysis using ArcGIS software and IDRISI®

Selva. In our study, a hybrid model of the Markov chain and logistic regression models was applied
to identify future urban sprawl in 2037. The findings of this paper simulate the increase in urban area
over 24 years from 1.85 to 2.59 km2. These findings highlight the growing risks of urban sprawl and
the difficulties opposing the sustainable urban development plans officially proposed for this area.
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1. Introduction

According to United Nations projections, it is forecasted that global urban land will increase by
1.2 million km2 by 2030, which will be almost triple the global urban land area circa 2000 [1]. Over
recent decades, the suburbs of cities have been shaped by urban expansion-characterized sprawl,
scattered commercial strip development with low density, large expanses of single-use development
with poor accessibility, and a lack of public open space. Besides increasing traffic volume, caused by
this urban structure, the consumption of natural resources is advocated and biodiversity is lost, among
other negative impacts [2]. To counteract such development tendencies and to ensure sustainability,
decision-makers and urban planners need precise information on urban expansion boundaries [3].
Therefore, land use change (LUC) analysis has already received considerable attention [4]. Since
the speed of development in emerging countries is higher than that in the developed world [5], the
structural changes facing these countries have a greater impact on the urban fabric [6]. Moreover, today,
urban sprawl is one of the most widely discussed issues in urban studies [7]. In addition, urban sprawl
has recently become a subject of popular debate and policy initiatives from governmental bodies
and nonprofit organizations [8]. Urban expansion has become a characteristic of urban development
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worldwide. In the past, it has been used to describe the low-density suburban development around
the periphery of cities [9]. In recent years, it has become fashionable to take sprawl more as a verb
of dynamic evolution and as the synchronized process of spatial expansion and the scattering of
urban areas. Along with the understanding of this concept being advanced in a broader sense,
the characterization and modeling of urban expansion has been highlighted as an important research
activity in recent years, especially in those countries with rapid urbanization [10].

Clarke et al. [11] and Dubovyk et al. [12] emphasized the importance of a spatiotemporal
analysis of urban expansion and why the changes in landscape have recently received more attention.
Policy-makers in megacities face unprecedented challenges with regard to governing, urban planning,
and land use management because of the prevailing high dynamic growth. Therefore, knowledge
concerning past, current, and future growth plays an important role in the decision-making process [13].
Egypt has to grapple with the problems caused by urban expansion. For the past five decades, there
has been an unprecedented urbanization process despite the government’s efforts to slow it down.
While only less than 10% of the present total population was living in towns and cities at the beginning
of the 20th century, the urban population rose by 45% by the end of the century. The annual expansion
rate of the urban population is projected to be at 2.2% until 2050, exceeding the 1.8% annual expansion
rate of the entire population [14].

Urban expansion in Egypt is staggering, as the magnitude of urban land expansion in Egypt has
been much larger than the urban population growth in the past 50 years [15]. This has resulted in a large
loss of arable land to impervious land surfaces. In addition, the conversion from agricultural land, water
areas, or grassland into built-up land, combined with urban problems such as waste water discharge
and vehicle exhaust emissions, has seriously disturbed the ecological balance in urban areas [16].

Previous studies have primarily focused on single large cities, with few explorations of
the spatiotemporal differences in driving forces of urban sprawl of different towns in the same
administrative region [17]. This study aims to fill this gap and focus on a small urban area or
village scale.

1.1. Overview of Simulation and Driving Forces Methods

The research methods of urban land expansion driving forces mainly include multiple linear
regression (MLR) [18], structural equation modeling (SEM) [19], an analytic hierarchy process (AHP),
system dynamics (SD) [20], artificial intelligence [21], logistic regression (LR), etc. Among these, MLR
and SEM are mainly applied to the area expansion of urban land. SEM is a specific type of regression
analysis and explains relationships between independent (exogenous) and dependent (endogenous)
variables [19]. However, they are not applicable when dependent variables are categorical variables,
or variables with spatial attributes [22].

The AHP method has been widely used in several socio-economic and engineering
applications [23]. AHP is an appropriate method for deriving the weight assigned to each factor [24].
The AHP also allows decision alternatives to be prioritized using pairwise comparison [25]. However,
it is difficult to perform pairwise comparison for raster data because of the large number of
alternatives [25]. Additionally, the AHP is not efficient in either evaluating a large number of
alternatives or in selecting performance frontiers [26].

The SD model is particularly suited to the investigation of socio-economic driving forces and the
simulation of complex systems [27]. Furthermore, it can be coupled to cellular automata to include
spatial dynamics [20], but it still has difficulty in identifying factors and their effects [28]. However,
it also has disadvantages in revealing the spatial pattern change of urban growth, and in incorporating
those spatial variables influencing urban expansion into modeling [27].

Recently, spatiotemporal models have become available. The integration of remote sensing (RS),
geographical information systems (GIS), and spatial statistics (SS) therefore provides a powerful and
complementary suite of techniques for the monitoring and modeling of urban expansion. The strength
of these methods is that they take spatial correlations into account when explaining the variations
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in urban expansion. Spatial models can be most effective in modeling urban expansion when prior
information about the spatial and temporal characteristics of urban development can be applied [16,17].

Artificial intelligence algorithms are very capable of capturing urban land use and handling
spatial heterogeneity, to a higher degree, well [21]. Methods and techniques from artificial intelligence
are used for the spatiotemporal analysis, the prediction of future trends, and the development of
urban regions [29]. Neural network modeling requires greater computational resources [30]. A neural
network model is a relative “black box” in comparison to a logistic regression model [31].

Regression is a method to discover the empirical relationships between binary dependent and
several independent categorical and continuous variables [32]. Logistic regression may handle the
regression problems of dependent variables as non-continuous variables, which require no linear
relationship between dependent and independent variables. When combined with GIS, it can
effectively reflect the variables’ spatial characteristics and can be used for driving force analysis
and the prediction of land use change [33].

1.2. Logistic Regression

Logistic regression analysis has been one of the most frequently utilized approaches during the
past two decades for predictive land use modeling by means of variation of inductive modeling [32].
Thereby, it is crucial to consider spatial effects, namely spatial autocorrelation and spatial heterogeneity,
to challenge regression assumptions [34]. However, the logistic regression model suffers from the
quantification of change and temporal analysis [33].

Empirical statistical methods, such as logistic regression or hybrid geospatial approaches, have
been conducted to investigate the reciprocal spatiotemporal effects of urban expansion and its potential
driving forces [35]. LR analysis has been conducted to reveal the relationship between urban growth
and the driving factors of socio-economic and biophysical factors [36] based on historic data [33].

The logistic regression-based cellular automata (CA–LR) model was first proposed by Wu [33].
This hybrid approach, which was also implemented by Paulmans and van Rompaey [37], helps to
overcome the main limitations of logistic regression, which is the inability to quantify spatial and
temporal changes [38], and of the cellular automata (CA) approach, which oversimplifies urban reality
and does not provide enough evidence for informed urban planning [39].

1.3. CA–Markov Chain Model

Cellular automata were introduced by Ulan and Neumann in 1940; since 1980, numerous models
have been developed for simulating urban growth [40]. CA are defined as discrete dynamics systems,
represented by a grid of cells, in which local interconnected relationships exhibit global changes [33].

The applications of CA are used extensively in urban growth modeling studies [11,41]; specifically,
they have gained increasing importance as urban areas have increasingly expanded and spatial data
has become further available for empirical research to be carried out. While cellular automata for urban
growth maintain usually similar frameworks regarding assembly, testing, validation, and calibration,
some conceptual issues arise regarding the modeling techniques used [42].

As Figure 1 indicates, a wide variety of algorithms has been incorporated in urban growth prediction
models (UGPMs) with cellular automata tested in the majority of the reviewed manuscripts [43].
Subsequently, these theoretical approaches found real world implementations. A large number of
applications have incorporated CA for UGPM development using real data [20,27,43]. A combination
of CA with Markov models has also appeared in multiple studies [38,44–46].

The Markov chain (MC) model and regression model have been employed to change land use for
the next twenty years and are considered to be effective tools for predicting urban growth [47]. Many
studies have proved that the MC was suitable and valuable for modeling urban sprawl [48]. Markov
chain analysis is a convenient tool for modeling land use change when changes and processes in the
landscape are difficult to describe. A Markovian process is one in which the future state of a system
can be modeled purely on the basis of the immediately preceding state [49,50].
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Among all the numerous developed models, cellular automata and the Markov chain model are
the most accepted models for the modeling of the trends of the growth pattern. The two techniques
used in this exercise to model land use change are Markov chain analysis and cellular automata
analysis [50].

The capability of the hybrid CA–MC model has been widely employed in predicting changes in
land use and land cover. In this hybrid model, the Markov chain process controls temporal dynamics
among the land use and cover classes based on transition probabilities, while the spatial dynamics
are controlled by local rules determined either by the cellular automata spatial filter or transition
potential maps [44,46]. Therefore, coupling the MC and CA approaches provides a powerful modeling
framework in which the shortcomings of each are eliminated [49]. The results of this study showed
that the hybrid CA–MC model performed greatly in predicting urban growth for the coming years
based on the growth pattern of previous years [44].

Due to the restrictions of each individual modeling method, this study combined the integrated
models, henceforth referred to as MC–CA–LR, to take advantage of the best characteristic of each
model. MC can compute the amount of LUC and identify the structural utilization; however, MC are
spatially non-explicit since they only compute the probabilities of land use transitions and the quantity
of change [51]. CA models avoid this restraint of MC based on predefined site-specific instructions
to simulate land use transitions [27,38]. Accordingly, several statistical and geospatial models have
been advanced, including logistic regression models [33], Markov chains (MC) [46], cellular automata
(CA) [27], and MC–CA models [42], among others.

This study uses the land change modeler (LCM) for land change prediction. LCM is an integrated
software module in IDRISI® Selva v. 17.0 [52] that moves in a stepwise fashion from (1) change analysis,
to (2) transition potential modeling, and then to (3) change prediction. It is based on the historical
change from time 1 to time 2 land cover maps to project future scenarios [53,54]. The CA–Markov
model was performed in LCM, which is based on Markov chain matrices and transition susceptibility
maps obtained by logistic regression [53,55].

The aim of this paper is to examine the driving forces of urban growth for a small area
(Abouelreesh Village) and predict the future sprawl areas in the same village for 2037 by applying a
hybrid of the Markov chain and the logistic regression model. This paper uses free data sources such
as Google Earth historical imageries and the digital elevation model to achieve the above-mentioned
aims. The findings would be useful to urban planners and decision-makers from developing countries,
where there is generally a dearth of official and high-resolution data.

2. Study Area

The study area (northern Abouelreesh village) is located in the province of Aswan, in southern
Egypt. It lies between longitudes 32◦52’E and 32◦55’E and latitudes 24◦10’N and 24◦14’N. The study
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area is bordered to the east by mountains and from the west by an agricultural region, and the Nile
River. Figure 2 shows the location of the case study area location in relation to Egypt and the rest of the
world. The area of urban development approved for northern Abouelreesh in 2010 was ∼453.01 acres.
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Figure 2. The study area in relation to Egypt and the world.

While roads, pathways, and urban spaces occupied 106.11 acres, not all of the allocated area was
suitable for urbanization. The designated area also encompassed, within its boundaries, land space for
private property (about 67.33 acres), desert land (approximately 126.25 acres), and farmland (about
4.73 acres). The population of the village was about 9896 in 1986, rising to 12,206 inhabitants in 1996,
then to 13,189 in 2006. The growth rate was 2.12% per annum in the period 1986–1996, decreasing to
0.78% per annum from 1996 to 2006. The average population growth rate was 1.45% per annum from
1986 to 2006. The total population of the village in 2010 was about 14,202, and the average family size
was about 4.16. [56].

3. Research Methodology and Data

3.1. Research Data

Fulfillment of the research targets required detailed data. Unfortunately, the data available for
the case study area was incomplete. For example, we could not conduct a proper analysis of the
urban sprawl because the detailed plan from the government did not contain information on when the
buildings in the urban areas were constructed. Secondly, there was the problem of low-resolution files,
provided free of charge, online, for example, the DEM (digital elevation models) files. High-resolution
DEM files were expensive to acquire.

Digital elevation models (DEMs) as shown in Figure 3 are an important source of information
in GIS applications. The two most widely applied satellite-derived DEM datasets (shuttle radar
topography mission—SRTM and global digital elevation model—GDEM) were used in this study.
SRTM provides near-global topographic coverage of the Earth’s surface with a horizontal grid size of
3 arc seconds (∼90 m). Recently, 1-s (30 m) data for the whole world, except the Middle East region,
was released [57].
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The official detailed plan for the study area was created in 2009 by The General Organization of
Physical Planning (GOPP). The detailed plan was updated in 2014 by using Google Earth to manually
extract the relevant data to the year of building construction. This was followed by a visual analysis
of high-resolution aerial images of the city in Google Earth [58]. Figure 4 shows the land use in 2001
and 2009.

Manual photointerpretation of high-resolution images in Google Earth was the key process in this
mapping methodology. While manual image analysis might be the oldest form of remote sensing [59],
the method described in this paper requires only personnel training in photointerpretation, minimal
training (at most) in GIS, Internet access, and a computer with a relatively high-resolution monitor.
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3.2. Hybrid Model of CA–MC and LR

The research methodology in this paper applied the integrated model of LR, MC, and CA, which
offers certain advantages when compared with traditional techniques. Firstly, this approach is capable
of integrating environmental and socio-economic explanatory factors of LUC, which are not considered
in current CA models [38]. Secondly, any spatial factor could be incorporated using this approach
in order to measure its influence on urban growth and, accordingly, can be rejected after statistical
assessment. However, this approach takes into consideration the limitations in non-linear temporal
changes in the model predictions based on the logistic regression. In reference to these limitations,
although the explanatory factors are updated in order to generate a new map of the potential land
use change, the integrated approach does not have the ability to self-update the state of the CA–MC
model, resulting in a delay in the temporal dynamic [33].

These three techniques were combined for the following purposes: Firstly, the LR model was
utilized to create a probability surface and to determine the most probable sites for development;
moreover, a hybrid model was designed to improve the performance of the standard LR model [38,60].
Secondly, the MC model was used to retrieve the quantity of change. Thirdly, the CA model is a
significant tool to allocate probable changes under predefined conditional rules. An integration of the
CA and MC models (CA–Markov model) has already been implemented and carried out on the same
study area by Jokar Arsanjani et al. [61], and its results have verified the validity of this approach [38].
The present approach was designed and performed to rectify the aforementioned constraints and to
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discover the interaction of various environmental and socio-economic variables, which may result in
urban expansion [60].

By comparison, the LR analysis model suffers from the quantification of change and temporal
analysis [33,38]. In contrast, MC models can predict the amount of land use change and diagnose the
structural utilization, but MCs are spatially non-explicit because they only compute the probabilities
of land use transitions and the amount of change [61]. Spatial CA models avoid this limitation of MC
based on predefined site-specific rules mimicking land use transitions [27,38], but CA models lack the
ability to account for the actual amount of change. Due to the limitations of each individual modeling
technique, Poelmans and van Rompaey (2009) proposed a hybrid approach based on LR coupled with
CA transition rules, which resulted in an improved model quality; nevertheless, their model was not
able to quantify the amount of land use change [37]. In 2013, Jokar Arsanjani et al. reported promising
results by integrating the LR, MC, and CA models to simulate urban expansion; however, the hybrid
model failed to consider a spatial auto-regression in determining the driving forces of land use and
cover changes (LUCCs) [38,60]. The following shows the framework of future urban sprawl prediction.

3.3. Land Use/Cover Change Modeler

This study uses the land change modeler for ecological sustainability. The land change modeler is
an integrated software module in IDRISI® Selva that performs land change analysis, change prediction,
and habitat and biodiversity impact assessment [52]. Land use and cover change (LUCC) has become
one of the key issues in global change research [17]. The land change modeler can be considered as a
good modeler to that applied the integrated model between LR, MC, and CA. Use of such a model
also provides a better understanding of the functions of the land use systems, and the support needed
for planning and policy-making. Our methodology is presented in the following, which explains the
steps of the framework of future urban sprawl prediction.

3.3.1. Identifying the Driving Forces

The research identifies the driving factors from two sources: (1) by reviewing related
literature [33,36,38,58,62]; (2) by analyzing the official detailed plan and the experience of the researcher
with the study area. Thereafter, the LCM test (the selection of a site and the driver variable module)
was applied to test the potential power of the explanatory variables. Only variables with values higher
than 0.15 in Cramer’s V test were used.

The dependent variable was prepared by processing from land use change from 2001 (LUC 2001)
to 2013 (LUC 2013) using the LCM in IDRISI® Selva. The independent variables were prepared from
the shape files of the driving factors by using ArcGIS for the same preview period. The raster layers
for the independent variables were exported to IDRISI® Selva and used with the dependent variable
in the logistic regression model that is available in the LCM [36]. The dependent variable in this model
is a binary value representing the location of land use (0 if the land use is not present at the location,
and 1 if the particular land use is present at the location) [62].

3.3.2. Identifying the Future Urban Sprawl

MC analysis is an appropriate tool for modeling LUC when alterations in the landscape are hard
to explain. The model can be served as a metric of the direction of alterations in the future due to
the ability to describe the projection trends of LUC. In this paper, MC analysis is utilized to compute
the transition area matrix of LUC and to identify the quantity of LUC. The transition area matrix for
simulation periods was created by the MC module in IDRISI® Selva.

The urban sprawl modeling by coupling the LR and MC (LR–MC) methods was built to enhance
the quality of the standard LR model. First, land use (LU) maps in 2001 and 2009 were obtained
with the IDRISI® Selva application, as shown in Figure 5. The main driving factors determining LUC
by the LR model were examined, and the transition potential maps of urban sprawl were acquired.
The transition probability matrices of LUC were utilized in the next step to recognize the future
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structure of LUC based on the MC model. To prove the results, the LU map of 2013 was estimated and
compared against real LU maps. Finally, by setting historical growth scenarios, the model was utilized
to identify future patterns of urban sprawl for 2037.
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4.1.1. Transition Potentials

In order to predict change, we have to create a map of the potential of land. The Transition
Potentials tab allows one to group transitions between two land cover maps into a set of sub-models,
resulting in a transition potential map for each transition, expressed as time-specific potential for
change. Figure 8 shows the transition potential map for this study area.
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4.1.2. Test and Selection of Site and Driver Variables

This is an optional panel that provides a quick test of the potential explanatory power of a variable.
A project must be specified in the Project Parameters panel before accessing these tools.

Table 1 shows that we have found that the variables with a Cramer’s V of about 0.15 or higher are
useful, while those with values of 0.4 or higher are good [53].

Table 1. Cramer’s V and coefficient values for each variable.

Variables Cramer’s V Coefficient

Distance to Main Roads 0.5588 −0.53
Distance to Regional Road 0.2732 0.74
Distance to Railway Station 0.3629 −0.25

Proximity to Old Urban Area 0.4018 0.12
Proximity to Nearby City (N. Aswan City) 0.3467 −0.98

Distance to Railway Foot Cross 0.3045 −0.49
Distance to Services 0.4930 −0.62

Slope 0.0194 0.001
Elevation 0.3536 0.012

4.1.3. Structure and Run Transition Sub-Model

The Run Transition Sub-Model panel is where the actual modeling of transition sub-models is
implemented. The actual modelling of transition sub-models is implemented in the Run Transition
Sub-Model panel. This panel runs the transition sub-model specified to be evaluated in the Transition
Sub-Models: Status panel. This model undertakes binomial logistic regression and prediction using
the maximum likelihood method.

In addition, this software offers results in parameters such as a coefficient, which represents the
individual contribution of each driving factor to the land transition variable with positive (direct)
or negative (inverse) relations [63]. The sign of the coefficients of the logistic regression equation
allows us to know whether the relation between the explicative variables and the transition is direct or
inverse [64].

The results of the logistic regression analysis, limited to significant variables, are presented in
Table 1. The evaluation of the various factors’ regression coefficient (b) for independent variables,
can be divided into two types: one based on whether the sign of the coefficient relationship value was
negative or positive, and the other based on the category of variables.

4.1.4. Sign Evaluation

The first evaluation is a sign evaluation, as shown in Table 1. All independent variables for which
the coefficient is positive indicate a positive relationship between these variables and urban growth.
If the value of the independent variable increases, the probability of urban growth will decrease.
As selected in this study, all independent variables test the distance of the same driving forces except
for the slope and the elevation. Therefore, it can be concluded that, whenever the variables demonstrate
a positive relationship, the probability of urban growth will decrease, especially when the value is
high, moreover as it can be considered that being close to this factor has a negative effect on urban
growth. The coefficients for only four factors are positive. The distance to Regional Road has a strong
positive relationship of 0.74 with the probability of urban growth, while the slope and elevation have a
very weak effect on urban growth because their coefficients were very small.

On the other hand, most of the independent variables have negative coefficients, which indicates
an inverse relationship for the variables; as in the probability of urban growth will increase closer to
these variables and they have an attractive effect on urban sprawl. The most inverse relationship factor
was the Proximity to Nearby City (N. Aswan City). The coefficient was −0.98, which demonstrates a



Geosciences 2016, 6, 43 11 of 17

very strong effect on the attraction of urban sprawl, while the Distance to Railway Station had a weak
effect on the attraction of urban sprawl. The coefficient was −0.25.

4.2. Future Sprawl in 2037

The scenario of historical growth trends was simulated as follows: according to the transition
potential map and the LUC tendency, the CA model primarily used the transition matrix probabilities
of the period 2001–2009 to predict 2013’s LU and allocated simulated cells using a 7-by-7 neighborhood
matrix with one-year iteration stages. By assuring the model qualification and validation processes, the
sprawl was computed for 2001 and 2009. The modelled LUC map was identified for 2013 (according
to LU data from 2001 to 2009) and was matched with 2013’s actual LU map in order to calculate the
Kappa index. The Kappa index is 83.66%, which confirms that the selected model’s variables were
appropriate for the following modelling procedures. Therefore, the model output was matched with
identical parameter attributes, applying 2013 LU data and transition probabilities from 2001 to 2009
and a similar map of probabilities.

4.2.1. Model Validation

The VALIDATE module in IDRISI was used to assess the level of agreement between the observed
2013 and simulated 2013 land use datasets based on the Kappa spatial correlation statistic. All statistics
(Kstandard = 0.8366, Kno = 0.9751, and Klocality = 0.8552) were well above 0.80, demonstrating that
the two datasets had a very high level of agreement; therefore, the transition probability matrix can be
used to predict the distribution pattern of land use cover datasets in the study region [65].

The ROC (relative operating characteristic) is an excellent method to compare a Boolean map of
“reality” versus a suitability map. Thus, the ROC is included here as an excellent statistic for measuring
the goodness of fit of logistic regression. The ROC value ranges from 0 to 1, where 1 indicates a perfect
fit and 0.5 indicates a random fit [53]. The result of the ROC statistic was 0.96, which is a very strong
value and indicates that the soft prediction was very accurate.

Using R2, or in our case the pseudo R2, as a measure of goodness of fit for the logistic regression
is questionable; in general, however, pseudo R2 = 1 indicates a perfect fit, whereas pseudo R2 = 0
indicates no relationship. A pseudo R2 greater than 0.2 is considered a relatively good fit. The resulting
pseudo R2 value was 0.34, which indicates a relatively good fit. From Table 1, we can observe that all
driver variables have a Cramer’s V of 0.15 or higher. These values are useful, while those with values
of 0.4 or higher are good [53]. The research method excepted only one driver variable—slope—from
the previous issues. This is because it is very important to check this variable’s effective value in the
model as this study area has a mountainous landscape.

The regression equation outputs the regression coefficients for each of the independent variables
and the intercept. The intercept can be thought of as the value for the dependent variable when each
of the independent variables takes on a value of zero. The coefficients indicate the effects of each of the
independent variables on the dependent variable. The parameter coefficients (positive or negative) in
the equation are relative indicators of a positive or negative relationship between the probability and
the independent variables. The correlation coefficient can vary from −1.0 (strong negative relationship)
to 0 (no relationship) to +1.0 (strong positive relationship) [53].

4.2.2. The Future Potential

The future potential sprawl map was then identified for 2013. Lastly, spatial preparations for 2013
LUC modeling was examined by a type of point analysis (Kappa analyses). Under the scenario of
historical growth trends, urban sprawl will continue emerging in all urban study areas in both minor
and major counties. Moreover, in this scenario, the total simulated urban area for 2037 was about
2.59 km2. The net rise in urbanized areas from 2013 to 2037 was about 0.74 km2, identifying a rise of
40% in comparison with the basic area in 2013.
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The increase of urban area in our research zone gradually increased over the 24-year simulation
period. The urban area in 2013 was 1.85 km2 and increased to 2.02 km2 for 2021, then jumped to
2.31 km2 for 2029 and ultimately reached 2.59 km2 for 2037 as shown in Figures 9a–d and 10.
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5. Conclusions

Identifying the driving factors that can affect the urban sprawl is a very useful method of
understanding the expansion of urban areas and helping decision-makers and planners learn what
urban growth to expect in the future. Urban growth in Abouelreesh has been affected by several
factors, some of which have a strong positive relationship with urban sprawl, overcoming unattractive
factors in urban areas, e.g. Proximity to Old Urban Areas.

The most attractive driving factor in the study area was Distance to Religious Services, where
this factor has an inverse relationship, which means a high probability of urban growth within
short distances from the religious services sites. It was observed that the urban sprawl was spread
everywhere without concentration in specific areas due to the highly rated sprawl drivers affecting the
entire study area, i.e. regional roads and religious services, as shown in Table 1.
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The potential urban sprawl will significantly continue under the historical trends simulation
for 2037 and will emerge in all urban study areas. In particular, the urban sprawl will discontinue
expanding around old urban cores and will continue to surround major road networks. The findings
proved that the desired urban sustainable development in Aswan will not be assured in 2037, proving
that historical growth trends are not a proper scenario to achieve the 2005 urban development
sustainability goals of GOPP.

Our analysis proved that urban modeling offers a superior explanation for grasping the potential
tendencies of sprawl activities in the near future and provides significant facts to help policy-makers
to formulate adequate regulations for achieving urban sustainability in Aswan. However, the applied
methodology has the ability to combine numerous sprawl factors. It has some constraints in applying
two models in parallel, e.g., the individuality of models’ behaviors, treating behaviors and not factoring
in governmental actions, and the diversity in priorities of LUC alterations.

Thus, future related studies should be fulfilled by agent-based modeling in Aswan to compare
their consequences on LU dynamics and intensity analysis with existing utilized models. Furthermore,
to explain whether the simulated forms of sprawl are precise to Aswan, this method requires more
additional evaluations by comparing the findings of several studies of the same study area.

Finally, the prominent results of this study could guide decision-makers, urban planners,
and local urban municipalities to enhance a realistic regional development strategy for Aswan.
Urban planners are able to submit proper urban plan regulations to manage the potential
inescapable urbanization activities. Planning and urban management authorities need to learn
more advanced tools and techniques for improving infrastructure supply, energy service provisions,
and protection of environmental conditions, which will ultimately enhance the required regional
sustainable development.
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