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Abstract. The rate of global urbanization is constantly increasing. As a
result of the massive population growth, there is an increasing demand for
further urban development, especially in developing regions such as
Aswan city. This paper aims to examine the usage official land-use data in
predicting future urban growth until 2046, moreover, to define urban
driving forces in case study area. This was done using Similarity weighted
model, a machine learning based model to simulate future urban growth.
The results show that official land-use data produce a slightly better
results’ accuracy than remote sensing sources within small to medium
scales. The results although reveal that for study region, urban area is
expected to expand to cover an area of almost 4460 Feddan by year 2046.
The outcome of this research assesses decision makers to accurately predict
future urban sprawl areas using available official land-use data.
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1. Introduction

The global urbanization rate is rapidly
rising, associated with a huge population
expansion, therefore, there is a rising
need for more urban development
(Rahman et al., 2010; Ujoh and Ifatimehin,
2010). However, it is believed that in the
last century, urban areas increase with a
much greater rate than population
growth worldwide, especially in less
developed countries where growth is
frequently  erratic and unplanned

(Brockerhoff, 1999; Cohen, 2004; Wu et al.,
2016). In Egypt, because of the rapid
population increase, urban areas tend to
spread in all directions. This is especially
true in heavily populated regions like
Aswan governorate (Hamdy et al., 2017;
Mostafa et al., 2021).

Due tothe current rapid dynamic
expansion, megacities' policymakers face
unprecedented challenges in governance,
urban planning, and land-use
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management (Osman et al., 2016). As a
result, understanding past, current, and
future growth plays a significant part in
decision-making (Hamdy et al., 2016).
Therefore, spatial modelling has become
a crucial process in wurban planning
globally (Noby et al., 2022). Spatial
modelling can be utilized to highlight
urban expansion and land changes,
which can then be wused to reveal
information about wurban ecosystem
management and to track, analyze, and
predict potential urban expansion
(Nugroho and Al-Sanjary, 2018).

Geographic Information Systems (GIS)
play a significant role in urban
development prediction and spatial data
management (Hamdy et al, 2020).
Various  GIS  based models and
approaches are often used to simulate
urban development and land-use change.
With such models, researchers may easily
define and monitor urban expansion as
well  as determining urban  driving
factors. There are several techniques used
to simulate urban expansion, such as the
Cellular Automata - Markov chain model
(Arsanjani et al., 2011; Mitsova et al., 2011;
Sang et al., 2011), the Logistic Regression
model (LR) (Hu and Lo, 2007; Mostafa et
al., 2021; Nong and Du, 2011), Similarity
Weighted  model (Bununu, 2017;
Mirakhorlo and Rahimzadegan, 2018;
Zubair et al., 2017), the artificial neural
networks (ANNs) models (Chettry and
Surawar, 2021; Mansour et al., 2023), and
the SLEUTH model (Caglioni et al., 2006;
Rafiee et al., 2009). Similarity Weighted
model is based onmachine learning
procedures that have been shown to be
the optimum choice for non-complex
simulations (Nugroho and Al-Sanjary,
2018; Sangermano et al., 2010).

Many works analyzed the historical
urban growth in different cities

worldwide, while others focused on
predicting the future urban expansion.
In Egypt, number of researchers studied
urban  growth  within  Egyptian
governorates (Belal and Moghanm,
2011; Hamdy and Zhao, 2016; Hegazy
and Kaloop, 2015; Mahmoud et al., 2019;
Mohamed, 2012), however, only few
papers focus on Aswan governorate
(Hamdy et al., 2014, 2016). Moreover,
the lack of updated governmental
official planning data forces many
studies to use remotely sensed data for
land-use mapping. However, for small
to medium scale, the mapping process
requires a high level of accuracy which
is almost impossible to be obtained
using remotely sensed data (Fuller et al.,
2003). Such a problem can be solved
using official governmental land-use
maps which present a detailed historical
urban data.

The main objective of this paper is to
examine the usage of available official
land-use governmental data to analyze
the historical urban expansion and
simulate the predicted future urban
sprawl in Aswan city. The used
methodology depends on machine
learning based similarity weighted
model, which is used to predict future
urban growth in case study area for years
2026 and 2046, moreover, defining urban
driving forces of urban growth with the
aid of GIS software to process the
available official land-uses data.

2. Case study

The study location is in the southern
Egyptian city of Aswan. It is located
between longitudes 32° 51'E to 32° 55'E
and the latitudes 24° 1'N to 24° 7'N. The
research region area is about 175
thousand Feddan, located on the Nile
River and islimited to the east
by mountainous area, and from the west
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with agricultural land. Most urban areas
are found on the east bank of the Nile
River as illustrated in Fig. 1. The study
period of the urban growth history begins
from 1986 and extends to 2006 with time
interval of 10 years due to the availability
of trusted official land-use data for these
years.
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Fig. 1. The case study area of Aswan city.

3. Methodology

The research methodology in this paper
applied Land Change Modeler (LCM) to

predict future urban growth, which
offers an applicable machine learning
based techniques for urban growth
prediction compared with traditional
techniques. Accordingly, historical urban
data were obtained from the official
land-use data for study years, created by
General Organization of Physical
Planning (GOPP). Land-uses were
classified into 2 classes: - i) urban; and ii)
non-urban, which are the main classes
needed to detect historical wurban
expansion. The obtained vector data
were converted to raster using GIS
software, then clipped to study area
boundaries.

It is necessary to monitor urban areas
throughout time in order to discover
growth tendencies. Similarity weighted
model integrated in LCM was used to
analyze changes happened between
years 1986 and 1996, then transition
probability matrix was computed to
define the probability of change (Hamdy
et al., 2016; Losiri et al., 2016). The second
phase was to identify the urban driving
forces based on an assessment of
relevant studies (Achmad et al., 2015;
Hamdy et al., 2017, Hu and Lo, 2007).
Four factors were used, which are (i)
distances from roads; (ii) distance from
services; (iii) Distance from Nile; and (iv)
Digital Elevation Model (DEM), these
factors were checked to be of an
accepted Cramer’s V value of more than
0.15. The model examined the weight of
each driving factor to finally predict the
urban area of year 2006. The following
step was to validate the accuracy of the

predicted map wusing the validate
module as well as the Relevant
Operational Characteristic (ROC).

Finally, the model was used to predict
further urban growth maps for years
2026 and 2046. The overall methodology
is shown in Fig. 2.
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Fig. 2. The overall methodological framework.

4. Results

The analysis of changes in urban area for
the period 1986 to 1996 shows that urban
area in study area has increased by about
468 Feddan during the period 1986 to
1996. Four urban driving factors were
used for future urban prediction as
shown in Fig. 3, where each variable was
evaluated using Cramer’s V value to
detect the most effective urban driving
factor. Distance to services variable was
found to be the most effective factor in
urban growth with Cramer’s V value of
0.93, while DEM had the least effect as
illustrated in Table 1.

Table 1. Test and Selection of Site and Driver

Variables.
Driver Variables Cramer's V
DEM 0.1377
Distance to Nile 0.1505
Distance to Roads 0.3302
Distance to Services 0.3953

Over the 20-year historical wurban
expansion period, the urban area in our
study zone grew gradually. The urban

area in 1986 was 1859 Feddan, which
expanded to 2770 Feddan in 2006 as
shown in Fig. 4. For the next 20-year
simulation period, urban area is
predicted to increase to 3690 Feddan in
2026, and finally to 4459 Feddan in 2046,
as illustrated in Fig. 4. Table 2 shows the
percentage of urbanization for the study
period, the highest growth rate is
predicted to happen before 2026 with
urban increasing percentage of about
33%, however, the growth rate becomes
21% for the period 2026 to 2046 as
illustrated in Fig. 5.
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Table 2. Urban growth for the study period. E 3
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Fig. 5. Urban growth trend in Aswan.

Based on the Kappa spatial correlation
statistic,c both the relative operating
characteristic (ROC) and the validate
module were used to examine the
amount of agreement between the
observed 2006 land-use map and
the simulated one. All statistics for the
validate module were substantially
above 0.90 as shown in Table 3, while the
ROC value stands at 0.85. These values
indicate that the two datasets agreed
extremely well; hence, the transition
probability matrix may be utilized to
forecast the distribution pattern of land-
use datasets in the research region.

Table 3. The validation results for the simulated

map
K. No 0.9504
K. location 0.9364
K. Standard 0.9358
K. location Strata 0.9364
ROC 0.8575

5. Discussions

The results reveal that urban expansion
in Aswan city is nearly linear and is
limited to few directions due to the city
topography, setting wurban areas is
surrounded from the east with high
mountainous area, while by the west is
the Nile. Moreover, urban areas have
increased by around 900 Feddan in 20-
year period, expanding from 1859 Feddan
in 1986 to around 2700 Feddan in 2006.
However, urban areas are expected to
further expand to cover an area of almost
4460 Feddan by year 2046. This urban
expansion is mostly influenced by the
distance to facilities, particularly health
and educational services which attract
urban areas in case study region.

The accuracy validation of urban sprawl
prediction results shows a slightly higher
values for kappa coefficients compared to
other studies applied on an area of small
to medium scale and depending on
remotely sensed data (Azizi et al., 2022;
Baqa et al., 2021; Shrestha et al., 2023).
This may be because the land-use
classification technique greatly relies on
both user and procedure accuracies
which in most cases lower the overall
accuracy of the classified land-use maps
compared to the official maps. However,
the data availability of consecutive land-
use maps crucial for urban expansion
monitoring may limit most studies to use
remotely sensed data.

Urban sprawl is usually uncontrolled
expansion that is driven by a variety of
causes rather than planning regulations
(Hamma and Petrisor, 2018). Population
growth, damaged infrastructure, lack of
open spaces, social problems, lack of
affordable  housing, and internal
migration are all thought to be the major
drivers of urban sprawl globally (Gouda
et al., 2016; Habibi and Asadi, 2011;
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Nguyen et al., 2022; van Vliet, 2019).
However, in Egypt, political aspects and
construction laws have a significant
influence on urban sprawl. Moreover, the
rapid population growth along with
relatively low average per capita income
are the primary causes that encourage
individuals to dwell in informal
settlements in Egypt (Gouda et al., 2016;
Shalaby et al., 2012). Integrating the
causative drivers of urban sprawl into
urban planning process would be a
suitable choice for managing urban
growth and minimizing the uncontrolled
urban sprawl.

6. Conclusions

This paper aim was to test the usage of
official land-uses data in a machine
learning based urban growth modeler,
also to identify the influence of urban
driving factors in case study area. Overall
results show that although most relevant
researches relies on remotely sensed data
for urban sprawl monitoring (Baqa et al.,
2021; Hamdy et al.,, 2016; Khawaldah et
al., 2020; Kisamba and Li, 2022), our
study results confirm that for small to
medium scale regions, it is more accurate
to wuse official land-use data when
available for a higher results accuracy,
while remote sensing provide a suitable
accuracy for urban sprawl prediction for
regional scale.

Identifying the variables that influence
urban sprawl is a highly effective
approach to understand urban expansion
and assisting decision-makers and
planners in predicting how urban is
expected to expandin the future. Some
variables  have  influenced  urban
expansion in Aswan city. However, the
most effective variable was the distance
to services followed by the distance from
roads. These results reveal that
modifying such factors could help

controlling urban sprawl direction. The
outcome of this research may assess
decision makers to accurately predict
future urban sprawl areas using available
official land-use data. However, more
work may be needed to assess urban
expanding towards natural hazard zones,
particularly flush flood and landslide
hazardous zones.
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