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Urban growth is a serious threat and challenge worldwide due to its role in altering ecosystem processes
and contributing to negative environmental impacts. The natural environment of Saudi Arabia has been
affected by the increased pace of urban and economic development, which has been supported by large
oil revenues in recent years. Measuring the spatiotemporal patterns of urban growth is important to
better understand the qualitative and quantitative impacts of urban spatial distribution over periods of
time. Optical remote sensing can be a reliable data source that provides valuable information regarding
the spatial and temporal distributions of urban growth. This research used two sets of Landsat images
from 1985 and 2014 to map and monitor the spatial distribution of the urban extent among ﬁve Saudi
Arabian cities: Riyadh, Jeddah, Makkah, Al-Taif and Eastern Area. A decision tree classiﬁer was applied
using object-based image analysis (OBIA) to analyze urban land cover in the ﬁve cities. The accuracy
assessment of the urban change detection maps indicated a high overall accuracy and Kappa coefﬁcient.
The results of this research show a high rate of urbanization and complex dynamics across the ﬁve cites.
The signiﬁcant changes were the result of a rapid increase in land development, exhibiting complex
patterns in the urbanization process across the ﬁve cities. The government's policy and increased oil
revenues signiﬁcantly contributed to increasing the urban cover in the ﬁve selected cities.
© 2016 Elsevier Ltd. All rights reserved.
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1. Introduction
1.1. Background
Rapid urbanization is becoming a serious threat and challenge
worldwide (Reilly, O'Mara, & Seto, 2009; Wentz, Nelson, Rahman,
Stefanov, & Roy, 2008). More than 54% of the global population
€ ck, Wiesner, et al., 2014;
lives in cities (Seto, 2009; Taubenbo
€ ck, Esch, et al., 2014; Rahman, Aggarwal, Netzband, &
Taubenbo
Fazal, 2011), which causes a number of associated environmental
and health problems (Weng, 2014, pp. 1e12). Urbanization signiﬁcantly inﬂuences local and global earth ecosystems and the services
they provide to humans and other life on earth (Alberti, 2005).
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Ecosystems have been and are currently being altered by human
population growth and related developments on a global scale
(Giri, 2012; Ramankutty & Foley, 1998; Vitousek, Mooney,
Lubchenco, & Melillo, 1997). Thus, urbanization has signiﬁcant
impacts on a number of environmental aspects, including soil loss,
topographical changes, emission of pollutants, climate change,
surface resources and natural resources. In addition, other nonenvironmental impacts include socioeconomic and political factors as well as related opportunity and risk (Grimmond, 2007;
Martin, 2009; Weng, 2014, pp. 1e12).
Development policy plays an important role in the expansion of
urban cover, more than the natural development, in terms of
building new structures and increasing transportation and recreation areas (Bobylev, 2009). In addition government support, such as
providing loans to public and private sectors, contributes signiﬁcantly in the expansion of cities. In developing countries, long term
urban planning generally does not consider sustainable development and also ecological principles are not taken into account.
Thus, the implications of this growth are always massive and a
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cause of a number of ecological and health problems as well as a
weakness in the cities infrastructure. Understanding past and
present urban change at both local and global scales is necessary to
address potential future development to avoid negative
consequences.
The measurement of urban expansion is important for better
understanding how, when and where it occurs (Jia & Jiang, 2010).
However, measuring the expansion of urban growth is often a
difﬁcult and time consuming task due to its complex dynamics
€ ck et al., 2012). Some studies have used population data,
(Taubenbo
land use and road network maps to measure urban growth (Fulton,
Pendall, Nguyen, & Harrison, 2001; Pendall, 1999; Torrens, 2008).
However, the spatial distribution and dimension of the extent of
urbanization is difﬁcult to extract accurately from such data.
Additionally, there are time periods when such data were not
gathered and, where it has been gathered, public accessibility is
often denied (Masek, Lindsay, & Goward, 2000), particularly in
developing countries. Data used to measure the spatial and temporal distribution of urban expansion needs to be more accurate
and reliable.
Optical remote sensing data, including that with a coarse spatial
resolution of 250e1000 m (e.g., MODIS), medium spatial resolution
of 30e60 m (e.g., Landsat) and high spatial resolution of 0.5e10 m
(e.g., IKONOS, QuickBird, WorldView), can be effectively used to
measure and map spatial and temporal land cover changes,
including urban expansion. Several studies have monitored the
urban extent using such data, including at the coarse spatial resolution (Mertes, Schneider, Sulla-Menashe, Tatem, & Tan, 2014;
Schneider, Friedl, & Potere, 2010), medium spatial resolution
(Bagan & Yamagata, 2012; Jat, Garg, & Khare, 2008) and high spatial
resolution scales (Lu, Hetrick, Moran, & Li, 2010; Small, 2003; Sugg,
Finke, Goodrich, Moran, & Yool, 2014). However, long-term change
detection costs and small-scale coverage areas limit the use of high
resolution data. While coarse resolution data are useful for
detecting changes over large areas (countries and continents), a
large amount of image calibration is necessary, which is very laborintensive. Therefore, medium spatial resolution (e.g. Landsat) images are more reliable and cost-effective for long term change
detection of urban expansions.
1.2. Saudi Arabian development
Saudi Arabia has developed rapidly over the last 30 years.
Growth began when the government began implementing an
intense program of development, which was ﬁnanced by massive
oil revenues (Alqurashi & Kumar, 2014; Mubarak, 2004). These
revenues were extensively used to enhance development and to
support both the public and private sectors by providing nointerest loans (Al-Hathloul & Mughal, 2004; Gamboa, 2008). This
led to uncontrolled growth across the country. Like other developing countries, controlling urban sprawl and understanding its
negative consequences is difﬁcult, particularly due to a shortage of
information regarding the actual distribution and spatial effects of
urban cover in Saudi Arabia. Urban growth and its areal distributions are essential data, which are required for a wide range of
environmental and socioeconomic applications in rapidly developing areas, such as Saudi Arabia. With fast and dynamic urbanization, there is an urgent need for automatic identiﬁcation
methods, which can be used to update urban cover information to
understand the dynamics of spatial and temporal distribution as
well as for strategies for future development (Li, Zhou, et al., 2013).
Previous research in Saudi Arabia used a single index indicator that
was based on population data or existing land use data to measure
the distribution of urban cover (e.g., Al-Hathloul & Mughal, 2004;
Aljouﬁe, 2014; Aljouﬁe, Zuidgeest, Brussel, & van Maarseveen,

2013). However, these types of data cannot provide accurate information for the spatiotemporal measurement of urban
expansion.
Remote sensing has been utilized for individual Saudi Arabian
cities in the past. For example, Al-Ghamdi and Al-Naggar (2002)
visually monitored urban growth in Makkah between 1987 and
2000 using a set of different satellite images. Al-Ghamdi, Mirza,
Elzahrany, and Dawod (2012) developed a 4D GIS analysis for
monitoring and quantifying urban growth of Makkah between
1990 and 2010. In addition, Alqurashi and Kumar (2014) detected
land cover changes and urban expansion in Makkah and Al-Taif
using Landsat images between 1986 and 2013. Similarly, Rahman
(2016) utilized Landsat images to detect urban land use changes
in eastern coastal city of Al-Khobar, Eastern Area between 1990 and
2013. However, a comparative study of the spatial measurement of
urban growth for different landscape has not been addressed for
long-term change detection in Saudi Arabia.
This research will discuss the role of the country's growing
economy on the expansion of urban areas in ﬁve Saudi Arabian
cities. It seeks to answer the questions of how much the government plans contributed to the rapid development in Saudi Arabian
cities and what policies have been implemented over the last 30
years. To answer these questions, we use remote sensing data and
techniques to quantify the spatial distribution of urban growth in
ﬁve Saudi Arabian cities, including, Riyadh, Jeddah, Makkah, Al-Taif
and Eastern Area, by analyzing multi-temporal Landsat data of 1985
and 2014. Second, we analyze the causes of urban growth in the ﬁve
cities in terms of increased oil revenues and government policies.
Finally, we discuss the effects of rapid growth in the arid environment of Saudi Arabia and the associated risks to natural resources.
2. Study area
The selected study areas include ﬁve cities in Saudi Arabia:
Riyadh, Jeddah, Makkah, Al-Taif and Eastern Area (Fig. 1). These
cities are considered to be the most urbanized and populated in the
country, with Riyadh being the capital and largest city. It is situated
in the central part of Saudi Arabia on the large Najd plateau and,
according to 2013 census statistics, has a population of 6,079,295.
This includes the Al-Kharj Governorate. Jeddah is the largest sea
port on the Red Sea coast, a major urban center of western Saudi
Arabia and an important commercial hub nationally. With a population of 3,865,873, according to the above census, Jeddah is the
largest city in the Makkah Region and second largest in the country.
Makkah is the holy place of the Muslim community and is located
in the central part of the region, approximately 70 km inland from
Jeddah. In 2013, it had a population of 1,867,886. Al-Taif, considered
to be the most important tourist city of Saudi Arabia, is the fourth
study area in our analysis and is located in the south-eastern part of
the Makkah region. It has a population of 1,083,693. Eastern Area is
located in eastern Saudi Arabia on the Arabian Gulf and is home to
most of Saudi Arabia's oil production. Eastern Area includes 11
towns and governorates spread across the region. Only the most
populated ﬁve towns, which are Dammam, Al-Khobar, Al-Qatif,
RasTanura and Al-Jubail, are considered in this study. The population of these towns totaled 2,713,583 in 2013.
3. Data and methods
3.1. Data and pre-processing
Data used in this study comprised 12 Landsat Thematic Mapper
(TM), Operational Land Imager (OLI) images for ﬁve cities across
Saudi Arabia (Table 1). All 12 images were obtained from the USGS
Global Visualization (GloVis) site. As Level 1 products all of the
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Fig. 1. Spatial distribution of the selected ﬁve cities in Saudi Arabia.

images were already geometrically corrected and rectiﬁed to UTM
zone 37 for Jeddah, Makkah and Al-Taif; zone 38 for Riyadh; and
zone 39 for Eastern Area. However, there was a shift in the eastern
region, including image path 164 and row 42 of the TM image and
image path 165 and row 43 of the Riyadh image. Both images were
geo-referenced using OLI images in the same path and row, using
the build edges feature to add 20 control points. Mosaic processing
was applied to merge two path and row images for Riyadh and
Eastern Area to cover the urban footprint. Image subsets were
extracted for the ﬁve cities, including all of the urban boundaries.
Subsets of the selected areas of the Makkah and Al-Taif images did
not include the cloud cover in the images. The goal of this paper
was to detect the changes in urbanization. Therefore, the hourly
time differences between images one and two were not considered,
only the sampling dates.

3.2. Processing framework
3.2.1. Image classiﬁcation
The process of urban classiﬁcation started with image segmentation in eCognition Developer 8.9, which used ﬁve scale parameters in Landsat TM images (Fig. 2). However, the segmentation
of Landsat OLI images was not executed well enough to determine
the land objects (Fig. 3 shows an example of the segmentation
performance on Landsat OLI values). In addition, the large data size
was difﬁcult to analyze. This was due to differences in the spectral
responses and target pixels between the Landsat TM and Landsat
OLI images (Li, Jiang, et al., 2013; Flood, 2014). The dynamic range of
the Landsat OLI image is 12 bits, while the dynamic range of the
Landsat TM is 7. Therefore, the radiance scaling of Landsat OLI can

Table 1
Landsat images information used in this study.
No

Path

Row

Sensor

Date

Cloud cover (%)

Covered area

1
2
3
4
5
6
7
8
9
10
11
12

164

41
42

165

43

166

43

169

45

170

45

4-Apr-85
2-Aug-14
4-Apr-85
2-Aug-14
13-Jan-14
20-Jan-14
14-Aug-85
16-Aug-14
30-Mar-85
4-May-14
9-Jun-85
9-Jun-14

1
0
0
0
0
0
0
0
8
3
0
0

Eastern Area

164

TM
OLI
TM
OLI
TM
OLI
TM
OLI
TM
OLI
TM
OLI

Riyadh

Makkah & Al-Taif
Jeddah

register a digital number (DN) range of 212 ¼ 4096, which is
considerably larger than older Landsat scaling ranges like the more
TM common 27 ¼ 128. These large DN values result in approximately one segmentation for each pixel in the image (e.g., a subset
of 3000  3000 produces more than 6,000,000 objects) (Fig. 3).
Processing these objects is time consuming and requires a large
computer storage system. To solve this problem, the DN values
were converted to Top of Atmosphere (TOA) radiance, using
Equation (1) (Chander, Markham, & Helder, 2009) and radiance
rescaling factors provided in the header ﬁles:

Ll ¼ ML Qcal þ AL

(1)

where Ll is the TOA spectral radiance (Watts/(m2  srad  mm), ML
is the band speciﬁc multiplicative rescaling factor, AL is the band
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Data

Landsat images
OLI images
2014

TM images
1985

Pre-processing

Riyadh

Jeddah

Makkah

Mosaic

Al-Taif

Eastern Area

Geometric
correction

(Riyadh & Eastern
Area)

DN to
Radiance
(2014)

OBIA

Statistical regression
Sampling

Accuracy
assessment

Classification

Urban
extraction

Analysis

Segmentation
Urban
Nonurban

Post-classification comparison

Results

Elevation
& slope

Urban change detection

Log.
regression

Elevation & slope effect

Fig. 2. Flowchart of the classiﬁcation and statistical processes.

speciﬁc additive rescaling factor and Qcal is quantized and calibrated standard product pixel values.
The second step after image segmentation was image classiﬁcation. All of the images for both sensors were classiﬁed separately
in the classiﬁcation scheme. An automated hierarchical classiﬁcation was applied to the Landsat images using a decision tree
structure (Fig. 4). A hierarchical decision tree classiﬁer is an algorithm that labels unknown patterns using a sequence of decisions
(Tso and Mather, 2009). The decision tree design is based on a
hypothesis (classes), rules (feature sets) and conditions (thresholds). The hypothesis, or classes, determined in this study were

water, vegetation, bare soil and urban area (Fig. 4), starting with the
classes of signiﬁcant separability (water and vegetation) and
ending with lower separability (bare soil and urban). However, the
aim of this study was to detect urban change rather than other land
cover features. Thus, only urban change was considered in the results of this study, where an urban area classiﬁcation implies locations covered by constructed surfaces (Mertes et al., 2014),
buildings and impervious surfaces. All open areas, such as green
spaces and undeveloped land, were classiﬁed as non-urbanized
areas.
For automatic classiﬁcation, feature sets were identiﬁed in the

Fig. 3. An example of segmentation analysis of Landsat OLI, A) Landsat OLI image color composition of bands 5, 4 and 3, B) segmentation of DN values and C) segmentation of
radiance scale.
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Classes

Landsat images

Feature sets

NDWI ¼

SWIR2

Segmentation

SAVI
NIR
Vegetation

Water

NDVI

Red

Bare soil

Threshold

NIR

Undefined

Blue

Vegetation

NDVI

Yes

Undefined

Blue

Red

Bare soil

Urban
SAVI

Yes

NDWI

Undefined

Urban

Yes

Undefined
Topological
features

Classification Results
Fig. 4. Decision tree scheme and feature sets used in image classiﬁcation.

classiﬁcation platform to effectively distinguish certain categories
in the Landsat TM and OLI sensors. Thus, an analysis of the spectral
patterns of twelve different features was applied to the Landsat
images. Six of these features stemmed from the Landsat TM and OLI
sensors, including blue, green, red, near infrared (NIR), short
wavelength infrared one (SWIR1) and short wavelength infrared
two (SWIR2) bands. In addition, the Normalized Difference Vegetation Index (NDVI) (Rouse, Hass, Schell, & Deering, 1973), as
expressed in Equation (2), and Soil Adjusted Vegetation Index
(SAVI) (Huete, 1988), as expressed in Equation (3), were applied to
existing Landsat bands as proposed by Abelen, Taubenbock, and
€ ck et al. (2012). The remaining three
Stilla (2011) and Taubenbo
features were the Normalized Difference Water Index (NDWI) (Gao,
1996; Jackson et al., 2004), as described in Equation (4), and the
texture of red and blue bands as extra bands in the existing Landsat
TM and OLI bands. Local variance value was conducted to calculate
the occurrence texture using a 3  3 moving window. However, the
textural bands were ignored in the classiﬁcation analysis due to
their limitations in providing accurate results and increasing the
size of image segmentation. Thus, only nine features were used to
classify the different classes, as described in Fig. 4.
Normalized Difference Vegetation Index (NDVI):

NDVI ¼

(4)

DNNIR  DNRed
DNNIR þ DNRed

3.2.2. Threshold deﬁnition
The deﬁnition of a threshold is variable and depends on the
Landsat scene, user experience and time taken for calibration
€ ck et al., 2012). By using the feature sets described above,
(Taubenbo
we adjusted individual thresholds to classify water, vegetation,
bare soil and urban areas. Water and vegetation were easily identiﬁed by deﬁning the threshold values based on SWIR2 and SAVI
features for water and NIR and NDVI features for vegetation.
Determining the thresholds for bare soil and urban areas was
challenging due to similarities between the spectral responses of
these classes. However, by limiting both the threshold values to
selected features and the spectral response of a phenomenon, we
were able to distinguish between urban areas and bare soil.
Moreover, the combining of two thresholds from two features was
utilized to extract urban areas and bare soil.
The selected feature sets and threshold values varied from image to image due to differences in the study area characteristics.
Therefore, there were no constant feature sets applied to all of the
images in this study. We adjusted the feature sets and threshold
values for each image and across the 12 images. For example, the
spectral response values of the NIR bands were used to extract
vegetation cover in all images, while the spectral response values of
the same bands were used to extract the sand desert in Riyadh,
Jeddah and Eastern Area, which contain large areas of sandy desert.
In contrast, for the terrain composition structure, such as that of
Makkah and Al-Taif, the NIR band was used only to extract vegetation cover. Therefore, applying threshold values under similar
conditions requires consideration when selecting suitable feature
sets. Thus, various land cover classes comprising urban extents can
be effectively classiﬁed. Table 2 shows an example of the feature
sets and threshold values selected to classify Riyadh images.
Unclassiﬁed segments were analyzed using the relational
neighbor objects function, which assumes that the missing classiﬁcation of an object is related to a neighbor object. Through this
process, the classiﬁed object that has the greater amount of pixels is
used to produce the missing segments. Finally, a manual correction
was applied for misclassiﬁed objects to modify incorrect classiﬁcation in all images.
3.2.3. Accuracy assessment
Accuracy assessment determines the quality level of information derived by remote sensing data (Congalton & Green, 2008).
The importance of accuracy assessment lies in the link between the
remotely sensed data and reference information in order to

Table 2
An example of the threshold values selected for Riyadh.
Class

Feature set

Threshold value

Water

SWIR2
SAVI
NDVI
NIR
NIR
Blue
Red
NDVI
Blue
Red
SAVI
NDWI

SWIR2  25
SAVI  0.08
NDVI  0.2
NIR  70 and NIR  110
NIR > 120
Blue > 130 and Blue < 150
Red > 90
NDVI  0
Blue  155
Red  55 and Red < 80
SAVI  0.07 and SAVI  0.05
NDWI  0.125 and NDWI  0.25

Vegetation

(2)
Bare soil

Soil Adjusted Vegetation Index (SAVI):

SAVI ¼

DNNIR  DNSWIR1
DNNIR þ DNSWIR1

Water

Classification

Yes

79

DNNIR  DNRed
 ð1 þ LÞ
DNNIR þ DNRed þ L

Normalized Difference Water Index (NDWI):

Urban

(3)

80
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evaluate the results obtained from satellite data. In this research,
the accuracy assessment was conducted using a stratiﬁed sampling
technique to generate the reference points for all ﬁve cities. Land
cover classes were selected as strata and had different number of
samples based on its distribution. For example, water strata had
less random points than vegetation strata in Makkah, Al-Taif and
Riyadh while it had a higher number of random samples in coastlines cities such as Jeddah and Eastern Area than vegetation cover
class. Google Earth datasets were used to generate the sample
points for the 2014 classiﬁcations. A total of 500 sample points were
selected for the large cities such as Riyadh, Jeddah and Eastern Area
and 400 sample points were selected for the other two cities
(Makkah and Al-Taif) using multinomial distribution technique
(Congalton & Green, 2008). However, in the absence of reference
data of 1985, these samples could not be used directly for 1985
accuracy evaluation. Therefore, additional analysis was conducted
to make these samples valid to evaluate the accuracy of 1985
classiﬁcations. Thus, NDVI differences were computed between
1985 and 2014 and only unchanged pixels from 1985 to 2014 were
used to generate samples for 1985 classiﬁcations as suggested by
Foody (2004 and 2008). After reﬁnement, 310 samples were
ﬁnalized for Riyadh, Jeddah, and Eastern Area and 260 samples for
Makkah and Al-Taif. The accuracy assessment, then, was tested
using the traditional method discussed by Congalton, (1991). Producer's accuracy, user's accuracy, overall accuracy and Kappa coefﬁcient were carried out through the use of error matrices
individually for each image.
The change detection approach used to identify urban built-up
areas in this study was based on a decision tree classiﬁcation that
uses only optical data sets. The population density data of the
selected cities were not considered in this analysis. The classiﬁcation of individual images utilized post-classiﬁcation comparison for
mapping the changes of urban built-up areas between 1985 and
2014. The results of image classiﬁcation were based on three categories, which are shown in the maps: the urban area of 1985, the
urban area of 2014 and water.

areas of Riyadh, Jeddah, Makkah, Al-Taif and Eastern Area, respectively. The subset of Riyadh images (Fig. 5) includes the Al-Kharj
Governorate, which is approximately 77 km south of the city of
Riyadh. From the classiﬁcation results, it is obvious that all ﬁve
cities have changed considerably from 1985 to 2014. The distribution of urban areas shows very large and complex urban patterns.
Fig. 5 illustrates that the change in urban areas between 1985 and
2014 is distributed from the urban core to the periphery in Riyadh.
The urbanized shape is approximately circular, extending from the
center towards the margins. In Al-Kharj, a high rate of urbanization
has occurred over the last 30 years. The massive urban sprawl in
this area can be ascribed to rural urbanization. In contrast, Jeddah
(Fig. 6) has a different spatial distribution of urban growth, where
the coastline controls the shape of the city. While the city is highly
urbanized in the administrative boundary, urban growth is recognized to be distributed north and east, more so than south. The
urban growth in Makkah and Al-Taif (Figs. 7 and 8, respectively) is
inﬂuenced by the topographical structure. However, Makkah has
experienced rapid development from the center of the city towards
the southern and eastern portions, while the massive growth in AlTaif is ascribed to rural urbanization. Eastern Area also experienced
a high rate of urbanization between 1985 and 2014 (Fig. 9). The rate
of urban extent increased in the older portions of the area, as well
as experiencing new growth in the southern portion of the area.
The classiﬁcation results from the Landsat TM and OLI imagery
exhibited complex patterns of urban growth across the selected
Saudi Arabian cities over the last 30 years. The urban structures are
varied in terms of spatial growth, as they are polycentric in Al-Taif
and Eastern Area and monocentric in Makkah, Jeddah and AlRiyadh, excluding Al-Kharj. Thus, the spatial distribution of Al-Taif
and Eastern Area exhibits a complex pattern of development,
while Makkah, Jeddah and Riyadh are developing from a centroid.
While the development of monocentric cities allows a double
structure, the polycentric cities have a complex development.
Therefore, the varied results from the urban spatial distributions
across the ﬁve cities suggest signiﬁcant complexity and heterogeneous urban development.

3.3. Statistical analysis
4.2. Urban measurement
A binary logistic regression model has been applied on the
selected ﬁve cities by Alqurashi, Kumar, and Al-Ghamdi (2016)
using four driving force factors including elevation, slope, distance
to drainage and distance to major roads. In this study only two
variables, including elevation and slope, will be examined to
explain the biophysical impact on the current urban growth distribution. The process of statistical analysis was started by creating
random sample points that represent urban and non-urban features for each city and were coded as 1 (presence) for urban and
0 (absence) for non-urban features. The sample points were
different among cities based on their extent. Thus, a total of 30,000,
20,000 and 25,000 random samples were created for Riyadh, Jeddah and Eastern Area respectively and 10,000 random samples
were created for Makkah and Al-Taif for both urban and non-urban
features. Then, the logistic regression model was computed on the
sample points using the equation presented in Alqurashi et al.
(2016). The coefﬁcient values of elevation and slope and the
intercept values were used to calculate the relative impact of these
variables on urban distribution between 1985 and 2014. More
detail about these processes can be found in Alqurashi et al. (2016).

The spatiotemporal measurement of urban growth is an
important analysis. The quantiﬁcation of the urban extent of the
ﬁve cities areas was calculated in hectares. Table 3 shows the
comparison of the statistical information from urban areas in 1985
and 2014. The amount of development has increased in all ﬁve
cities over the time period analyzed. However, we observed that AlTaif, Jeddah, and Eastern Area have developed more than others
during the period between 1985 and 2014 with percentages of 184,
165, and 136 respectively. Makkah exhibited the lowest growth
among the ﬁve cities by approximately 89%, but still experienced
massive development. The urban extent in the city of Riyadh
measured 55,410 ha in 1985 and expanded to 112,144 ha in 2014.
The urban growth of Eastern Area shows an enormous difference
between 1985 and 2014 (42,478 in 1985e100,097 in 2014). The
urban extent in Jeddah showed a large change as well, from
23,323 ha in 1985e61,720 ha in 2014. Thus, the quantiﬁcation of
urban extent showed high growth in all ﬁve cities over the time
period studied.
4.3. Accuracy assessment

4. Results
4.1. Image classiﬁcation maps
Figs. 5e9 show the classiﬁcation results of the urban built-up

An accuracy assessment is important for evaluating the information that is provided by satellite image classiﬁcation. By
following the method discussed by Congalton, (1991), Table 4 lists
the accuracy assessment of results produced in this study, including
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Fig. 5. Urban change in Riyadh.

the producer's and user's accuracies, overall accuracy and Kappa
coefﬁcient. The urban change classiﬁcation resulted in high and
consistent accuracy values in the ﬁve cities. The overall accuracies
ranged from 86% to 93%, which is considered to be satisfactory. Both
producer's and user's accuracies provided higher values. However,
user's accuracies showed a slightly higher percentage than producer's accuracies. Although both Landsat sensors achieved good
overall accuracies and Kappa coefﬁcients, the Landsat OLI provided
a slight improvement over the Landsat TM in both the overall accuracy and Kappa coefﬁcient.

Table 5 lists the statistical results of the logistic regression
model of elevation and slope variables in the ﬁve cities. Slope was
statistically signiﬁcant at a ¼ 0.001 level in Riyadh, Makkah and AlTaif while it showed insigniﬁcance in Jeddah and Eastern Area.
Elevation, in contrast, was statistically signiﬁcant in Jeddah at
a ¼ 0.001 level and a ¼ 0.01 level in Riyadh and insigniﬁcant in
Makkah, Al-Taif and Eastern Area. Both slope and elevation showed
insigniﬁcance in Eastern Area.

4.4. Spatial effect of elevation and slope on urban distribution

The results presented in this study show a high rate of urbanization from 1985 to 2014 across the ﬁve Saudi Arabian cites studied: Riyadh, Jeddah, Makkah, Al-Taif and Eastern Area. Similar to
results reported by Dewan and Yamaguchi, (2009), who found that
the built-up area in Dhaka, Bangladesh increased by approximately
190% from 1975 to 2003. The urban expansion in the selected cities
was inﬂuenced by two factors, including the government policy
during the development process and increases in migration towards the ﬁve cities. These two factors mainly resulted from the
development of the country's economy, which is heavily dependent
on oil revenues. Increasing oil prices over the past 30 years have
signiﬁcantly contributed to increases in the urban growth of the
ﬁve cities. Urban and economic growth in these cities has signiﬁcantly impacted a number of environmental components as well as
contributed to a decrease in natural resources during the study

Fig. 10 shows the spatial effect of elevation and slope variables
on the urban distribution in A) Riyadh, B) Jeddah, C) Makkah, D) AlTaif, and E) Eastern Area between 1985 and 2014. As shown in the
ﬁgure, elevation and slope clearly controlled the distribution of
urban growth between 1985 and 2014 in almost all ﬁve cities.
However, Eastern Area was the least affected city while Makkah
and Al-Taif were the most affected cities by both elevation and
slope factors. For Jeddah, the elevated areas in the eastern part of
the city clearly controlled the growth and will likely continue to
affect the future development in this part of the city. Similarly for
Riyadh, the relatively steep slopes in the south-east of the city
obviously controlled the distribution of urban growth in the city
between 1985 and 2014 and will likely affect the future growth.

5. Discussion
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Fig. 6. Urban change in Jeddah.

period.
The development process in Saudi Arabia has slowed since the
mid-1980s and the Gulf War in the early 1990s (Al-Bu t hie and Eben
Saleh, 2002). However, from 1990 through June 2014, oil prices
increased signiﬁcantly (e.g. from US $35.5 per barrel in 1980 to
around US $109 in 2012) (OPEC, 2015), which allowed for increases
in the national budgets of the country. The massive budgets (e.g., up
to US $296 billion in 2011) have been used to extensively support
0

the development process across the country (Ministry of Finance,
2011). The government support is based on providing interestfree loans to both public and private sectors and establishing industrial cities across the county through master plans.
The construction of housing is largely funded through the
advance of no-interest loans by the government to support the
development process and to decrease the housing shortage (AlHathloul & Mughal, 2004; Gamboa, 2008). Moreover, the
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Fig. 7. Urban change in Makkah.

government has established ﬁve specialized credit institutions to
provide investment loans for citizens to support the private sector
and to increase job opportunities (Alshahrani & Alsadiq, 2014).
Providing no-interest loans and free land-plot grants for lowincome nationals has led to a signiﬁcant urban expansion over a
short period of time.
Although government support has signiﬁcantly contributed to
the increase in urban sprawl across the country, the socioeconomic
beneﬁts of the ﬁve cities are attractive to people who are seeking a
better job or life. The different characteristics of each city have led
to increases in both internal and external migration, which has
largely expanded the cities. For example, the growth of the tourism
sector over the last 30 years has converted Al-Taif from a small
town, settled by farmers in the center and tribes on the margins, to
a modern city and a major tourism center in Saudi Arabia. Moreover, the oil industry development in Eastern Area, commercial
advantages in Jeddah, job demand in the government sector in
Riyadh and religious circumstances in Makkah have signiﬁcantly
contributed to increasing urban cover in these cities.

Urbanization is a human activity that is recognized as a key
element that affects various environmental components and natural resources (Alberti & Marzluff, 2004). It contributes to increases
in carbon dioxide (CO2) and other pollutant emissions (Dhakal,
2009; Glaeser & Kahn, 2010; Ma, Liu, & Chai, 2015). Naturally, the
physical environment in Saudi Arabia has experienced a number of
negative environmental impacts, such as increased temperatures,
the unavailability of water, soil erosion and other factors, which
pose a serious environmental threat. This threat is enhanced due to
the extreme climate and desert environments. The impact of human activities occurs at a faster rate than natural inﬂuences. The
main environmental issue in Saudi Arabia relates to the locations of
residential and industrial activities, which are often situated near
sensitive environmental areas, such as coastal zones, mountains
and unique desert habitats (Vincent, 2008). Such activities have
damaged these sensitive environments in some locations. In terms
of coastal and land biodiversity, the increase of urbanization and
industrial activities in the ﬁve cities has decreased biotic ecosystems. In Saudi Arabia, the main problem confronting biodiversity is
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Fig. 8. Urban change in Al-Taif.

environmental pollution, which results from economic and urban
growth (Alzahrani & Alqasmi, 2013). The extreme economic
diversiﬁcation policy, which is based on expanding manufacturing
and heavy industries and increased urban growth, has led to a
signiﬁcant degradation to the natural components of Saudi Arabia
over the last 30 years.
Air pollution is becoming a concern in the fast growing cities in
Saudi Arabia. The growing transportation and industrial sectors
emit a number of harmful gases, including CO2, nitrogen dioxide
(NO2), sulfur dioxide (SO2) and volatile organic compounds (Husain
& Khalil, 2013, p. p14). The most emitted gas in the Saudi Arabian
cities is CO2. According to the Center for Global Development, Saudi
Arabia was among the top 30 countries in the world with the
highest CO2 emissions in 2007, with approximately 57,9000,000
tons of emissions (Tolba & Saab, 2008). The CO2 emission rate has
increased more rapidly than other gases in recent years due to the
increase in industrial and urban activities. The expansion of the
transportation systems and residential areas, increases in oil production (e.g., from 41 million barrels in 1980 to over 245 million

barrels in 2010) and industrial activities combine to produce the
majority of the CO2 emissions in the ﬁve cities. The power and
electricity sector is the top contributor to CO2 emissions (Taher &
Al-Hajjar, 2013). Jeddah is the most polluted city in Saudi Arabia
(Vincent, 2008). The industrial parts of the city, the area south of
the city and regions beyond the urban area contribute signiﬁcant
amounts of airborne pollution. In addition, the King Abdulaziz International Airport, in the north, and the desalinization plant, in the
west, are located near residential areas, as well as other facilities,
including hospitals and schools (Vincent, 2008). The industrial
sector in Eastern Area and the complex transportation system in
Riyadh also contribute large amounts of gases. While the relevant
sectors in Saudi Arabia are currently not able to provide precise
information on the health effects, the emissions of these elements
are largely recognized as harmful worldwide.
The massive urban cover expansion in the ﬁve selected cities has
been uncontrolled and has created numerous problems. The
different government sectors mainly contributed to the creation of
these problems. A major issue is the absence of coordination
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Fig. 9. Urban change in Eastern Area.

between sectors during the development process. For example, the
public services that manage road construction rarely communicate
with the residential construction sector, which has resulted in
complex transportation problems. Another factor related to economic growth is that in Saudi Arabia, the desire for multifaceted
economic diversiﬁcation is a major priority and economic interests
often override environmental concerns (Alzahrani & Alqasmi,
2013). Furthermore, there is a lack of consideration of the

environmental and health impacts resulting from urban expansion
from both decision makers and implementers in the ﬁve cities.
Although there is an effort from different organizations,
including the government sectors, to assess and manage the environment and natural resource in the ﬁve cities, Saudi Arabia is still
far from a successful implementation of sustainable development
strategies and commitment from the relevant authorities. Also, the
public participation is limited in the environmental impact
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Table 3
Statistical information of urban growth between 1985 and 2014.
City

Area (ha)

Riyadh
Jeddah
Makkah
Al-Taif
Eastern Area

Difference

1985

2014

2014e1985

55,410
23,323
12,658
6311
42,478

112,144
61,720
23,887
17,950
100,097

56,734
38,397
11,229
11,639
57,619

Increase (%)

102
165
89
184
136

Table 4
Accuracy assessment of urban change classiﬁcation.
City

Riyadh
Jeddah
Makkah
Al-Taif
Eastern Area

Landsat TM (1985)

Landsat OLI (2014)

Producer's accuracy

User's accuracy

Overall accuracy

Kappa coefﬁcient

Producer's accuracy

User's accuracy

Overall accuracy

Kappa coefﬁcient

73.58
78.01
76.82
75.95
73.46

88.31
79.75
89.71
85.13
87.93

90.27
89.77
89.05
86.74
89.91

0.76
0.84
0.79
0.74
0.86

83.5
81.26
88.61
89.57
86.18

92.71
85.17
94.22
79.61
89.51

93.79
90.89
91.86
88.37
89.31

0.86
0.87
0.85
0.80
0.83

Fig. 10. The effect of elevation and slope variables on urban distribution in A) Riyadh, B) Jeddah, C) Makkah, D) Al-Taif, E) Eastern Area.

assessment plan. More effort is necessary and only possible by
emphasizing coordination between the involved sectors, as well as
binding legislation related to environmental conservation.
Given the abilities of optical remote sensing data, the

information associated with spatiotemporal distributions, and
natural processes, changes can be effectively investigated for two or
more intervals. This work has shown the advantage of using multitemporal satellite images to measure and quantify the spatial
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Table 5
The statistical results of logistic regression model of elevation and slope.
Variable
Riyadh
Intercept
Elevation
Slope
Jeddah
Intercept
Elevation
Slope
Makkah
Intercept
Elevation
Slope
Al-Taif
Intercept
Elevation
Slope
Eastern Area
Intercept
Elevation
Slope

Coefﬁcient

Std. Error

z value

P (>jzj)

0.2036754
0.000899*
0.0502531***

0.247018
0.000411
0.006318

0.825
2.187
7.954

0.4096
0.0288
1.80E-15

1.055623***
0.019591***
0.008453

0.067906
0.001179
0.007843

15.545
16.62
1.078

<2e-16
<2e-16
0.281

0.7342276**
0.0005003
0.0584739***

0.237581
0.000767
0.006955

3.09
0.652
8.407

0.002
0.514
<2e-16

0.2240267
0.0005582
0.1046852***

0.6733
0.000435
0.010097

0.333
1.284
10.368

0.739
0.199
<2e-16

0.053161
0.003483
0.023528

0.0852
0.004693
0.015336

0.624
0.742
1.534

0.533
0.458
0.125

Signiﬁcant code: ***P < 0.001, **P < 0.01.

growth over a time period in ﬁve selected cities. Moreover, the
nature and complexity of the urban change patterns have been
identiﬁed. The accurate monitoring of urban footprints over time
can help to assess and evaluate the urbanization process.
6. Conclusion and summary
The results of this study indicate a high rate of urbanization in
Saudi Arabian cites between 1985 and 2014. All ﬁve cities included
in this research, Riyadh, Jeddah, Makkah, Al-Taif and Eastern Area,
experienced very large developments over the last 30 years. The
spatiotemporal pattern analysis indicates that the urbanization
process in the selected ﬁve cities was both complex and dynamic.
This is due to an increase in the country's economy, which is heavily
oil dependent. Increased oil prices have led to the expansion of the
Saudi Arabian cities over the past 30 years, particularly since the
government has emphasized large-scale development. The results
from the analysis demonstrate that if future development continues at the same rate, negative environmental impacts associated
with urban growth are likely to occur. Sustainable development
must be included for further urbanization.
This research used only remote sensing data to detect urban
expansion between 1985 and 2014. Moreover, the role of government policy and the increase of oil prices were linked and included
as they have signiﬁcantly inﬂuenced the urban growth in the ﬁve
selected cities in Saudi Arabia. In addition, the effects of two biophysical variables (elevation and slope) on the spatial distribution
of urban growth between 1985 and 2014 in the ﬁve cities were
examined and presented in the study. However, analysis of various
socioeconomic factors and population growth are not included
because of data limitations over the time period of the study.
Including such factors may provide more reﬁnement of the urban
growth process in the Saudi Arabian cities. Nevertheless, the results
presented in this research provide the essential information of the
spatiotemporal changes in the past to support the local authorities
and the decision-making processes in these cities for further
developments.
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