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ABSTRACT

North East Cairo City (NECC), a relatively nascent urban area in Egypt, has experienced rapid
expansion over recent decades. Understanding the environmental repercussions of land cover
transformations in such regions has become increasingly paramount. This study investigates the
intricate relationships between land cover change, NDBI, NDVI, and LST in NECC over twenty
years (2000-2020) time span. We are employing a temporal series of Landsat imagery, including
. ETM+ and OLI/TIRS data, and sophisticated geospatial methodologies. The satellite imagery is
Sy classified into five distinct land cover categories: urban areas, bare land, agricultural areas,
salinized soil, and water bodies. The findings indicate a significant increase in urban/built-up areas
by approximately 211.2 km?, accompanied by a concomitant decrease in bare land and agricultural
areas by 196.2 kmz and 23.9 km?, respectively. Notably, the highest LST values were observed in
bare land areas, escalating from 38-45°C in 2000 to 61-62°C in 2020, and in urban areas, rising
from 36-37°C in 2000 to 60°C in 2020. The research revealed a pronounced correlation between
the increase in built-up areas and the observed changes in LST, NDBI, and NDVI. Specifically,
both NDBI and LST values exhibited an upward trend corresponding with the expansion of built-
up areas. These results underscore the profound impact of urbanization on LST, offering critical
insights into the consequential shifts in environmental indices. Furthermore, this study provides
valuable guidance for sustainable urban planning practices in NECC, emphasizing the need for
strategic interventions to mitigate the adverse effects of rapid urban expansion on the local climate
and ecosystem.

Keywords: Geospatial analysis; Land use/Land cover; Land surface temperature; Normalized
difference built-up index; Normalized difference vegetation index; Urban expansion.

INTRODUCTION increase, is expected to add approximately 2.5 billion

urban residents by 2050, with nearly 90% of this

In recent years, there has been an intensified focus
on examining the dynamics of land cover (LC)
transformations and their intricate interactions with a
spectrum of biophysical environmental parameters.
Scholars have meticulously concentrated on pivotal
biophysical metrics such as land surface temperature
(LST), normalized difference vegetation index (NDVI),
and normalized difference built-up index (NDBI).
These metrics are indispensable for monitoring LC
alterations and evaluating the reciprocal influences
between LC practices and climatic variables
(Alademomi et al., 2020; Guha et al., 2020; Arnous
and Mansour, 2023). The escalation of anthropogenic
activities and urban sprawl globally has precipitated
significant modifications in LC and vegetative patterns,
thereby perturbing the equilibrium of natural
ecosystems (Choudhury et al., 2019; Das et al., 2020).

Human populations have predominantly inhabited
compact, rural communities. However, recent centuries
have witnessed a significant demographic shift towards
urbanization. This process is characterized by the
growth in population density and spatial extent of
urban areas, fundamentally transforming land use and
land cover (LULC) patterns (Pal et al., 2017).
According to projections by the United Nations,
urbanization, coupled with the global population
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growth occurring in Asia and Africa (United Nations,
2014). The rapid increase in global population and
economic development has led to significant changes
in the Earth's land system (Bhanage et al., 2021). These
LULC changes result from both natural processes and
anthropogenic activities, reflecting a complex interplay
that reshapes the Earth's surface. Historically, humans
have modified landscapes to meet the demands for
food, shelter, and other necessities. However, the
current rate, scale, and intensity of these modifications
are unprecedented (Gebreslassie, 2014; Hassan et al.,
2016; Arnous and Green, 2015; Arnous et al., 2017
Lin et al., 2018). These transformations have profound
impacts on various Earth system processes, including
climate  regulation,  biodiversity  conservation,
hydrological cycles, ecosystem stability, forest health,
and biogeochemical cycles (Jansen and Di Gregorio,
2002; Were et al., 2014; Lin et al., 2018). A major
challenge arising from LULC changes is the increase in
land surface temperatures, a phenomenon extensively
documented in the literature (Mallick et al., 2008;
Arnous and Mansour, 2023).

Land surface temperature (LST) is one of the main
biophysical metrics for urban health assessments
(Weng and Xiao, 2007). It is the temperature of the
land's surface that is obtained from solar radiation
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(Jaber, 2019). The term refers to the quantification of
the perceived temperature of the Earth's surface at
particular locations (Obiefuna et al., 2018), LST
measurement has great importance in several domains,
such as climatic variability and change, urban heat
island influence, land/atmosphere observations, fire
monitoring, mapping, detection of land cover change,
geological investigations, agricultural management,
and water management (Jaber, 2019; Arnous and
Mansour 2023). LST may provide data on the physical
attributes of the soil surface and atmospheric
conditions, together with changes in land use and
activities by humans that impact the climate (Fathizad
et al., 2017). Because of the significant variety of
LULC surfaces such as vegetation, surface roughness,
topography, and soil, the LST varied fast in space as
well as in time (Vauclin et al., 1982; Prata et al., 1995;
Liu et al.,, 2006; Neteler, 2010). The impervious
surfaces, such as buildings, roads, and industries, are
known to serve land use purposes. These surfaces can
absorb shortwave solar radiation, but they also
contribute to a reduction in the emission of longwave
terrestrial radiation. This reduction directly affects the
LST (Das et al., 2020). The calculation of LST is
complex because of the surface heterogeneity caused
by various land cover types and mixed land users. The
reason for this is that the emissivity of terrestrial
surfaces exhibits significant variability and may vary
considerably over short distances (Akinbobola, 2019).
The different types of land cover have an impact on the
characteristics and patterns of LST. Guha et al. 2020
concluded that changes in LST over the seasons are
mostly influenced by factors such as vegetation and
temperature. While it is acknowledged that plant cover
has a mitigating effect on LST, different kinds of
vegetation might vary in their capacity to lower surface
temperatures. Trees mitigate surface and air
temperature by shade, in addition to evapotranspiration
(Alexander, 2020).

Furthermore, to understand environmental changes,
it is critical to conduct efficient monitoring of the
Normalized Difference Vegetation Index (NDVI), a
spectral indicator used to identify and measure long-
term variations in vegetation coverage and condition
(Fathizad et al., 2017). NDVI, ranging from -1 to +1,
shows the condition and amount of green plant
covering and biomass, (Jaber, 2019) states that
vegetation density and health may be determined by
higher values approaching 1, whereas values of zero or
below indicate scant or unhealthy vegetation on the
ground and non-vegetated surfaces. These technologies
have been extensively used in monitoring the timing of
agricultural growth stages, categorizing different types
of vegetation, and calculating various physical
characteristics of vegetation.

The NDVI function values below 0.1 indicate barren
landscapes consisting of rock, sand, or snow. Shrubs
and meadows have intermediate values ranging from
0.2 to 0.3, whereas high values ranging from 0.6 to 0.8
indicate temperate and tropical forests. This scale is
effectively used for crop monitoring to indicate to
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farmers the areas of their fields that currently exhibit
thick, moderate, or sparse vegetation. Research has
shown a logical correlation between NDVI and LST.
(Fathizad et al., 2017; Jaber, 2019; Guha et al., 2020;
Alademomi et al., 2020).

The Normalized Difference Built-up Index (NDBI)
is a spectral index that quantifies urbanization and land
cover changes within a given area. Empirical studies
have demonstrated a significant correlation between
NDBI and Land Surface Temperature (LST)
(Choudhury et al., 2019; Das et al., 2020; Guha et al.,
2020). Higher NDBI values, which range from -1 to
+1, indicate increased impervious surface coverage,
while lower values suggest more permeable surfaces.
Locally, the expansion of built-up or impervious
regions alters the geometric and physical properties of
the land surface compared to natural land cover,
impacting radiation budgets and surface energy
dynamics (Choudhury et al.,, 2019). Specifically,
impervious surfaces such as buildings, roads, and
industrial sites enhance the absorption of shortwave
radiation and reduce energy dissipation through
longwave radiation emission (Choudhury et al., 2019;
Das et al.,, 2020). Consequently, these impermeable
surfaces exhibit higher Land Surface Temperatures
(LST) compared to their surrounding environments.
The Normalized Difference Built-up Index (NDBI),
akin to other spectral indices that quantitatively
characterize Land Use and Land Cover (LULC) types,
has been extensively utilized in research investigating
the relationship between LST and LULC. However, the
variability in the correlation between LST and NDBI
across different seasons remains a critical issue. NDBI
holds significant importance in urban areas
characterized by high population densities, as it
provides essential insights into the extent of
urbanization and its environmental impacts (Xiong et
al., 2012; Guha et al., 2018).

Contemporary research has increasingly focused on
understanding the patterns of land cover change and
their relationship to various environmental conditions.
Key environmental indicators, such as LST, NDVI, and
NDBI, have garnered significant attention (Grigoras
and Uritescu, 2019; Jaber, 2019; Guha et al., 2020).
Numerous studies have elucidated the relationship
between LST and LULC, consistently revealing that
changes in LULC, particularly in urban areas, result in
elevated LST (Weng et al., 2004; Pal and Ziaul, 2017;
Aboelnour and Engel, 2018). This growing body of
research highlights the critical need for comprehensive
analysis and strategic management of land cover
changes to mitigate their adverse environmental
impacts.

The North East of Cairo City (NECC), recognized as
one of Egypt's most rapidly expanding regions, has
experienced substantial anthropogenic activities and
significant land use and land cover (LULC)
transformations. This growth has led to the reclamation
of vast areas and the establishment of new urban
settlements such as El-Salaam, EI-Obour, El-Sherouk,
and Tenth of Ramadan. These developments have
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precipitated numerous hydrogeological challenges,
including dramatic alterations in land cover, shifts in
land surface temperature, soil salinization, reduction in
vegetative cover, and overall hydro-geoenvironmental
degradation (Abdel Aleem, 2023; El-Rayes et al.,
2023). The goal of this initiative research is to execute
the correlations amongst Land Surface Temperature
(LST), Normalized Difference Vegetation Index
(NDVI), Normalized Difference Built-up Index
(NDBI), and alteration in land cover in North East
Cairo City to provide insights into the urban heat island
effect, inform environmental monitoring, and support
sustainable urban planning in Northeast Cairo.

Study area

The North-East Cairo City (NECC) area, strategy-
ically positioned in the southeastern Nile Delta,
encompasses portions of three governorates: El
Sharkeya, El Qalyubia, and Cairo. This region spans an
area of approximately 1428.54 km?, delineated by
latitudes 30° 8' to 30° 26" N and longitudes 31° 08’ to
31° 44' E. The northern and northwestern boundaries
are defined by the Ismailia Canal, Belbeis Drain, and
adjacent agricultural lands. To the east, the area is
bounded by the 10th of Ramadan City, while the
southern periphery is demarcated by the Cairo-Suez
Road. Significant landmarks within the southwestern
sector include the Al Gabal Al Asfar drain, a sewage
treatment plant, the Abu Zabal dumpsite, and the Ard
El-Berka water station, primarily located in El-Salam
City (Fig. 1).
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Figure (1): Satellite map of Egypt (a) showing the location of the
study area and (b) the main cities and road network of the NECC
area.
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The influence of road networks on the magnitude,
velocity, and direction of urban expansion is widely
recognized (Shalaby et al., 2022). In the context of the
New Egyptian Capital City (NECC), a complex
network of radial and ring roads has been system-
atically developed to support the infrastructure needs of
rapidly growing urban settlements. The radial road
system comprises key routes such as the 10th of
Ramadan to Belbeis, Cairo to Suez, Cairo to Ismailia,
and Cairo to Belbeis roads, facilitating seamless
connectivity between NECC and Cairo City to the
west, as well as major eastern governorates and
districts, including Port Said, Ismailia, and Suez Cities,
and the Suez Canal (Fig. 1). Complementing the radial
roads, the NECC area is encircled by an array of ring
roads, notably the Central Ring Road, the Middle Ring
Road, and the Regional Ring Road. These arterial
networks are pivotal in shaping the spatial dynamics
and expansion trajectories of urban areas within
NECC, underscoring the intrinsic link between
infrastructural development and urbanization patterns.
The strategic planning and implementation of these
road networks not only facilitate efficient movement
and connectivity but also significantly influence the
region's urban morphology and growth prospects.

MATERIALS AND METHODS

The Landsat program, a joint effort by the National
Aeronautics and Space Administration (NASA) and the
United States Geological Survey (USGS), has been
monitoring the Earth through satellite missions since
1972 and provides free access to data on Earth's
resources. We conducted our analysis using a time
series of Landsat images captured by high-quality
sensors, including Landsat Enhanced Thematic Mapper
Plus (ETM+) and Landsat Operational Land Imager
(OLI) / Thermal Infrared Sensor (TIRS) sensors. Only
cloud-free satellite data was selected from the USGS
website (https:/earthexplorer.usgs.gov) as a georefer-
enced dataset. The images were in UTM projection
(WGS 84 datum, zone 36 N). Remote sensing data
analysis was performed using several software tools;
ERDAS Imagine was used for image processing
including sub-setting, thematic map preparation,
atmospheric, radiometric, and geometrical correction.

Image enhancement techniques, including contrast
stretching, optimal band combination, and principal
component analysis, are employed to generate high
spectral resolution imagery. The ENVI 5.3 software is
involved in performing the image classification of land
use and land cover (LULC) as well as the development
of change detection maps.

To produce various spectral indices and land surface
temperature (LST) images, ArcGIS 10.5 was utilized.
Subsequently, STATISTICA 7 is employed to carry
out comprehensive statistical analyses. This multi-
faceted approach ensured a robust and detailed
examination of the data, providing significant insights
into the spatial and temporal dynamics of the study
area.
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Figure (2) defines the comprehensive methodology
employed to achieve the study’s objectives. The multi-
temporal data utilized comprises three complete scenes
from each of the ETM+7, OLI+8, and TIRS+8 sensors,
specifically corresponding to the Path/Row coordinates
of 176/39. These scenes, captured in November and
July, facilitated the assessment of NDBI and NDVI
spectral indices, land use and land cover (LULC), and
land surface temperature (LST), respectively. The data
spans a twenty-year interval, covering the years 2000
and 2020. Detailed characteristics of the Landsat
ETM+7 and OLI datasets are presented in Tables (1)
and (2). Moreover, the Landsat imagery was
synthesized into false color composites utilizing band
combinations of (7, 4, 2) for Landsat 7 ETM + and (7,
5, 3) for Landsat 8 OLI, as depicted in Figures (3) and
(4). These composites were further enhanced through
pan-sharpening techniques employing the panch-
romatic band, thereby augmenting the spatial resolution
and visual clarity of the image composites. This
methodical approach ensured the precise analysis of
temporal and spatial variations in the study area,
facilitating a thorough evaluation of the environmental
changes over the specified period.

Land cover classification and land use change

After pre-processing, the multi-spectral remotely
sensed data are employing image classification
techniques like supervised or unsupervised classify-
cation to classify the imagery from different periods
into land cover classes and create LULC maps. In this
work, a supervised approach for Maximum Likelihood
(MLC) classification is used. MLC is the most often
used supervised classification, which is utilized in a
range of applications (Sisodia, et al., 2014, Arnous and
Green 2015). In addition to outperforming the other
known parametric classifications, MLC takes into
account the variance-covariance within the class

distributions (Erdas, 1999). The MLC classification
method is often used to assign a pixel to a certain class
based on its similarity to the target class (Ahmed and
Ahmed 2012).

The main five signature classes were selected for
classification urban area, agricultural land, bare land,
salinized soil, and waterbodies. Residential buildings,
highways, industries, and commercial buildings
illustrate the urban area. The agricultural land repress-
ents both the areas with and without vegetation. The
bare land represents the soil and unused land. Training
areas have been developed by selecting one or more
polygons for each class. Pixels were taken to be the
training pixels for a specific class within the training
area. Then, the Confusion Matrix Using Ground Truth
ROIs in ENVI5.0 was utilized in this analysis to test
the accuracy of the classification of maximum
likelihood.

NDVI is an effective indicator of surface vegetation
coverage and crop canopy growth stages. The temporal
growth pattern of vegetation coverage, as expressed by
NDVI, plays a crucial role in distinguishing crop types,
although it may introduce some variation in values for
certain crops. The most commonly used vegetation
index is NDVI (Purevdorj et al., 1998; Arnous and
Green, 2015). NDVI is calculated using visible and
near-infrared (NIR) bands, which reflect vegetation
health and density. It is determined by the difference
between the reflected near-infrared and red band
combinations. NDVI is computed as follows:

(NIR — R)
(NIR + R)

Where R and NIR represent the red and near-infrared
bands, respectively.

NDVI =

To delineate urban land from Landsat imagery, this
study used the Normalized Difference Built-up Index.
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Figure (2): Methodological Framework for Multi-Temporal satellite data analysis
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Table (1): Characteristics of Landsat ETM+7 data
(NASA, 2003)

Band Wa velength Spectral Resolution
No. interval response (m)
(pm)
1 0.45-0.52 Blue-Green 30
2 0.52-0.60 Green 30
3 0.63 - 0.69 Red 30
4 0.76 - 0.90 Near IR 30
5 1.55-1.75 Mid-IR 30
6 10.40 - 12.50 Thermal IR 60
7 2.08 - 2.35 Mid-IR 30
8 0.52 - 0.90 Pan 15

Table (2): Characteristics of Landsat 8 OLI data
(NASA, 2013)

Wavelength

Band . Spectral Resolution
No interval Response (m)
) (um)
1 0.43-0.45 Coastal/Aerosol 30
2 0.45-0.52 Blue-Green 30
3 0.52 - 0.60 Green 30
4 0.63 - 0.69 Red 30
5 0.84-0.88 Near IR 30
6 1.56 - 1.66 SWIR-1 30
7 2.10-2.30 SWIR-2 30
8 0.50-0.68 Pan 15
9 1.36-1.39 Cirrus 30
10 10.30-11.30 Thermal IR-1 100
11 11.50 -12.50 Thermal IR-2 100
:G}.; (ETM 2000 )

RGB (7,4,2)

31°20'0"€ 31°30'0"€ 31°a0'0"E

Figure (3): Landsat ETM+7 image of the year (2000) for the study
area.
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Figure (4): Landsat 8 OLI satellite image of the year (2020) that is
used for conducting image processing.
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(NDBI) as introduced by Zhao and Chen (2005). The
NDBI is particularly sensitive to the presence of built-
up areas. It is derived using specific spectral bands to
identify and quantify these regions by analyzing the
spectral characteristics of various land use/land cover
(LU/LC) classes. The NDBI is calculated using the
following formula:

[(band 5) — (band 4)

[(band 5 + (band 4)]

Where, Bands 4 and 5 correspond to the Landsat TM or
ETM+ images.
In the current study, the NDBI for Landsat 8 imagery is
computed using the formula:

[(hand 6) — (band 5)

[(band 6 + (band 4)]

NDBI =

NDBI =

where Bands 5 and 6 pertain to the Landsat 8 sensor
(Arnous and Green, 2015). This index effectively
distinguishes built-up areas from other land cover
types, providing a robust tool for urban land extraction
and analysis.

Land surface temperature (LST) estimation

To derive Land surface temperature (LST) readings
from Landsat 7 and Landsat 8 satellite imagery, a
meticulous four-step process must be followed. It is
imperative to acknowledge that while the initial step
diverges between the two satellites, the subsequent
three steps remain consistent for both. The derivation
of LST from the thermal bands of satellite imagery
necessitates the utilization of specific bands or
algorithms. Specifically, the thermal infrared bands
employed for LST determination are band 6 for
ETM+7 data, and bands 10 and 11 for TIRS+8, which
measure the quantity of infrared radiation emitted from
various land surfaces. Each band pixel contains a
digital number (DN) value, representing a raw measure
acquired by the sensor. Consequently, these DN values
must be converted into physical quantities, such as
radiance and brightness temperature, to extract
guantitative information from the raw satellite data
(Arnous and Mansour, 2023).

The final land surface temperature (LST) map is
generated through a series of sequential steps: first, the
computation of the Normalized Difference Vegetation
Index (NDVI); second, the conversion of Thermal
Infrared Sensor (TIRS) band data to top-of-atmosphere
(TOA) spectral radiance; and third, the estimation of
atmospheric brightness temperature. Finally, the LST
values are converted from Kelvin (K) to degrees
Celsius (°C) (Khyami, 2021). These methodological
steps are supported by equations detailed in Table (3).
Follo-wing these procedures, LST is extracted,
measured, and mapped from the thermal bands of
remote sensing satellite data. This approach enhances
the accuracy of temperature estimations and facilitates
the analysis of spatiotemporal variations in LST
patterns. In addition, the statistical correlation analyses
are performed to investigate the interrelationships
between NDVI, the NDBI, land use/land cover (LULC)
changes, and LST, providing deeper insights into urban
heat dynamics and environmental variability.
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Table (3): Estimated parameters and mathematical formulas for remote sensing-based land surface analysis.

Estimated

Parameter Mathematical formula Reference
NDBI NDBI = % Zha et al. (2003)
NIR —R .
NDVI NDVI = EN — R; Liu et al. (2018)
DN to TOA
L. L.,
Landsat7 LA = WX(QCAL — QCALy )+ Ly Chander and Markham (2003)
MAX MIN
Landsat8 LA = ML X QCAL +AL USGS (2014)
T = K2
TOAto BT b 7m((’z—;))+ D Chander et al. (2009)
(NDVI- NDVImin 2
PVr=——v--—
LSE (ND‘” max+NDVImin ) Xiaolei et al. (2013)
E=0.0004xPV+0.986
TK
LST LST = 1+ (CTEDy Jeevalakshmi et al. (2017)
P

NDBI, Normalized Difference Built-up Index; NDVI, Normalized Difference Vegetation Index; BT, Brightness Temperature

LSE, Land Surface Emissivity; LST, Land Surface Temperature

RESULTS

This study investigated the spatial and temporal
relationships between Land Surface Temperature
(LST), Normalized Difference Vegetation Index
(NDVI), Normalized Difference Built-up Index
(NDBI), and Land Cover (LC) changes. To elucidate
the interrelationships among these biophysical environ-
mental parameters, we utilized a suite of geospatial
thematic maps for each parameter. Overlay analysis is
employed to detect patterns of interrelationships.
Furthermore, statistical techniques, including correl-
ation analysis, were applied to quantify the strength
and direction of these relationships, providing a robust
assessment of their interconnected dynamics.

Analysis of land use/land cover changes and
detection

Figures (5) and (6) illustrate the land use and land
cover (LU-LC) maps, along with the rates of LU-LC
changes in North East Cairo City (NECC) over a 20-
year period (2000-2020). The data presented in Table
(4) indicate a significant expansion of urban areas,
which increased from 165.7 km?2 in 2000 to 376.9 km?
in 2020, resulting in a net gain of 211.2 km2 This
expansion corresponds to an average annual growth
rate of 10.56 km2 per year, highlighting the rapid
urbanization in the study area. Agricultural cover also
declined from 297.4 km2 in 2000 to 273.5 km?2 in 2020,
with a net decrease of 23.9 km? at an annual rate of -
1.195 kmz?/year.

Waterlogging exhibited a modest increase from 2.3
kmz in 2000 to 3.4 km? in 2020, reflecting a net gain of
1.1 km? at an annual rate of 0.055 km? per year. Sim-
ilarly, salinized areas expanded from 2.5 kmz in 2000
to 5.3 km2 in 2020, representing an increase of 2.8 km?
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at an annual rate of 0.14 km? per year. Remarkably, the
water body area expanded significantly, increasing
from 0.2 km2 in 2000 to 5.2 km2 in 2020, resulting in a
total gain of 5 km2 at an annual rate of 0.25 km?2 per
year.

The classification results for the NECC area in 2000
and 2020 revealed that bare land was the most
dominant land cover class, constituting 64.96% in 2000
and 51% in 2020, followed by agricultural land, which
decreased from 20.9% in 2000 to 19% in 2020. In
contrast, water bodies and salinized soils showed slight
increases, from 0.01% to 10.37% and from 0.17% to
0.37%, respectively. Urban areas exhibited a
significant increase, from 11.64% in 2000 to 27% in
2020 (Figure 7). Furthermore, the land cover
classification accuracy was validated through accuracy
assessment analysis, Yielding accuracy values of
93.33% for the year 2000 and 96.67% for the year
2020. The overall accuracy was lowest in 2000 and
highest in 2020, likely due to the superior quality of
Landsat 8 OLI images compared to Landsat 7 ETM+
images.

Analysis of variation in NDBI, NDVI, and LST

The analysis of urban boundaries (cities and
settlement areas) using NDBI and multi-temporal
images revealed that the study area underwent
significant urban expansion from 2000 to 2020 (Fig.
8A-B). In the year 2000, urban areas appeared in red in
the North East Cairo City (NECC) with NDBI values
approximately ranging from 0.08 to 0.2. Waterlogged
areas and surface water vegetation, depicted in green,
exhibited values between -0.06 and 0.08, dense
vegetation, shown in dark green, had values between -
0.03 and -0.06, and bare land, shown in pale green, had
values ranging from 0.2 to 0.5.
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The NDVI rate was calculated using a raster calculator
in ArcGIS over a twenty-year timespan, comparing the
years 2000 and 2020. The analysis utilized ETM
Landsat 7 imagery for 2000 and OLI Landsat 8
imagery for 2020 (Fig. 9A-B). In the year 2000, NDVI
values ranged from -0.9 to 0.9. These values were
classified into four categories: surface water and
waterlogged areas (blue) with values from -0.9 to 0,
bare land and urban areas (yellow) with values from O
to 0.2, sparse vegetation (light green) with values from
0.3 to 0.4, and dense vegetation (dark green) with
values from 0.5 to 0.9. In contrast, the NDVI values for
year 2020 ranged from -0.1 to 0.6. These values were
also classified into four categories: surface water and
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Figure (6): Supervised LULC classified Landsat image 2020
showing geospatial distribution for each type of classes within the @
NECC area.
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By 2020, urban areas were indicated in red with

037%
NDBI values between -0.03 and 0.02. Waterlogged i
areas and surface water vegetation, still shown in Sl e
green, had values between -0.1 and -0.03, dense
vegetation, depicted in dark green, had values between Salntead Sl
-0.3 and 0.1, and bare land, shown in pale green, had @ = Water body
values ranging from 0.02 to -0.3 (Table 5). The drivers et u Waterlogging area
of this urban expansion included the increasing 51.17% & Mountaineous area
population and the sustainable development projects ‘ |'{;3‘1‘;:‘| u Urban
initiated over the past three decades, aimed at fostering = Agriculture
agricultural, economic, and technological development ®) Bareland
(Armous and Green, 2015; Arnous et al., 2017, Figure (7): Pie chart showing the percentage change in LU/LC class
Moubarak, 2021; El-Rayes et al., 2023; Darwish,2024). categories within the NECC area between 2000 and 2020.

Table (4): Areal Distribution, Percentage, and Rate of Change of Different LULC Classes from 2000 to 2020.

LULC_2000 in LULC_2000 LULC_2020 LULC_2020 Change in Rate of change

Class Km2 in % in Km2 in % area km2 per year
Urban 165.7 11.64% 376.9 26.47% 211.2 10.56
Bare land 924.7 64.96% 7285 51.17% -196.2 -9.81
Agriculture 297.4 20.89% 2735 19.21% -23.9 -1.195
Salinized area 25 0.17% 5.3 0.37% 5 0.25
Waterbody 0.2 0.01% 5.2 0.37% 11 0.055
Waterlogging area 2.3 0.16% 3.4 0.24% 2.8 0.14




Impact of Land Cover Change on LST, NDVI, and NDBI in North East Cairo, Egypt

Table (5): Normalized Difference Built-up Index (NDBI) spectral value ranges of different LULC classes in Landsat

ETM+ (2000) and OLI (2020) Images.

ETM Landsat 7 OLI Landsat 8

LULC Class Color image (2000) image (2020)
Values range Values range
Urban area Red 0.08-0.2 0.30 - 0.02
Waterlogged, Surface water Green -0.06 - 0.08 -0.10- 0.03
Dense vegetation Dark green 0.03 -0.07 -0.30-0.10
Bare land Pale green 0.20 -0.50 0.20 - 0.30

Table (6): Normalized difference vegetation index (NDBI) spectral value ranges of different LULC classes in Landsat

ETM+ (2000) and OLI (2020) Images.

ETM Landsat OLI Landsat 8

LULC Class Color 7 image (2000) image (2020)
Values range Values range
Surface water and waterlogged area  Blue -0.9-0.0 -0.1-0.0
Bare land - urban area Yellow 0.0-0.2 0.0-0.1
Spare vegetation Light green 0.3-04 0.2-04
Dense vegetation Dark green 0.5-0.6 0.5-0.6
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Figure (8A-B): NDBI enhanced multi-temporal Landsat images of
*NECC showing the change in urbanized areas. A, Landsat images
(2000); B, Landsat images (2020).

was a noticeable decrease in bare land (red) and an
increase in surface water and waterlogged areas,
although this was not consistently detected across all
areas.

The analysis of LST distribution between 2000 and
2020, as depicted in Figure (10A-B), reveals signifi-
cant shifts in LULC and LST. The LST analysis,
detailed in Table (7), indicates that barren regions
exhibit the highest temperatures, followed sequentially
by built-up areas, agricultural lands, and water bodies.
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Figure (9A-B): NDVI enhanced ETM and OLI Landsat image of
NECC area; showing the change of vegetation covers, land
reclamation, surface water, and waterlogged area. A, ETM
Landsat image of NECC area (2000); B, OLI Landsat image of
NECC area (2020).

Specifically, in 2000, the LST in waterbody areas
ranged from 32°C to 35°C, represented by a light green
color. By 2020, these values increased to a range of
56°C to 58°C, depicted by a dark green color.
Agricultural areas displayed a varied trend, with LST
values of 27°C to 31°C in 2000, rising to 59°C in 2020,
attributed to the expansion of urban and barren lands,
which consequently reduced vegetation cover. The
LULC mapping and change estimation further
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corroborate these findings. By comparing classified
LULC maps from different time periods, areas
undergoing significant change, such as the conversion
of vegetation to urban landscapes, can be identified.
This conversion has notably impacted LST, NDBI, and
NDVI, highlighting the interplay between urbanization
and environmental factors.

312007

Legend
LST_2020
N s56-58C
[ 59 - 59
E- [ 160-60 <
pmet-61
.62 -

LST OLI 2020

31'400"E

Legend

LST 2000

. 27-31C

32 - 35

[ 136-37
8 (a8 -39

I 40 -

30100°N

LST_ETM_2000

ara0ee

31°200°€ 31°300"E

Figure (10A-B): Spatial pattern LST distribution maps for year 2000
(A) and 2020 (B) of NECC

Interrelationship between LST, NDVI, and NDBI
To elucidate the intricate relationship between LST,
NDBI, and NDVI, a statistical analysis was under-
taken. Table (8) presents a detailed summary of the
minimum, maximum, and means values across the
NECC area, while Table (9) elaborates on the
correlation coefficients for LST, NDBI, and NDVI for
the years 2000 and 2020. The empirical findings
indicated a robust positive correlation between LST
and NDBI, with correlation values spanning from 0.74
to 0.99 across the analyzed periods. This pronounced
positive correlation is visually corroborated by the 2D
scatterplots in Figures (13) and (14). Conversely, the
analysis revealed a significant negative correlation
between NDVI and LST, underscoring those areas with
denser vegetation exhibited lower surface tempera-
tures. These results elucidate those urban areas,
characterized by elevated NDBI values, experienced
heightened temperatures, whereas vegetated regions,
denoted by higher NDVI values, maintained cooler
surface temperatures. The persistent positive correl-
ation between LST and NDBI from 2000 to 2020
underscores the profound impact of urbanization on
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local climate dynamics, thereby accentuating the
critical necessity of integrating vegetation into urban
planning frameworks to ameliorate rising temperatures.
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Figure (11A-B): Scatter plot show the relationship between LST,
NDBI in year 2000 (A) and 2020 (B).

LST Vs. NDM (2000)

LST 2000

02 0'a
NDVI_2000

@ Scatter Flot == Trend

LST Vs, NDVI (2020)

w005 6 obs 01 o 02 ok os  abs 04 0
NDV_2020

| » scatter Fot — Trend |

)
Figure (14): Scatter plot shows the relationship between LST,
NDVI year 2000 (A) and 2020 (B).
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Table (7): Change in LST (2000-2020) concerning LU/LC classes.

LULC classes ~ Changein LST (2000) LST (2020)
area km
Urban 211.2 36°C-37°C 60 °C
Bare land -196.2 38°C-45°C 61°C
Agriculture -23.9 27°C-31°C 59°C
Water bodies 3.9 32°C-35°C 58 °C -56 °C

Table (8): Descriptive statistics of the Normalized Difference Vegetation Index (NDV1), Normalized Difference Built-
up Index (NDBI), and Land Surface Temperature (LST).

NDVI NDBI LST ___NDVI _ NDBI
Measurement LST2000 55y 2000 2020 2020 2020
Maximum 4261 06 033 6254 045 011
Minimum 27.67 0.01 0.08 5647 007 003
Mean 37.79 0.04 0.20 6009 010 002
Sum 74217.99  82.89 39587 1180258 19548  39.3
Standard Deviation 3.18 0.15 0.13 1.14 0.07 0.06
Nulls 0.0 0.0 0.0 0.0 0.0 0.0

Count 1964 1964 1964 1964 1964 1964

Table (9): Statistical correlation matrix of Land Surface Temperature (LST), Normalized Difference Vegetation Index
(NDVI), and Normalized Difference Built-up Index (NDBI) for 2000 and 2020

Parameter LST 2000 NDVI 2000 NDBI 2000 LST 2020 NDVI 2020 NDBI 2020
LST 2000 1
NDVI 2000 0.831 1
NDBI 2000 0.991 0.898 1
LST 2020 1.00 0.831 0.991 1
NDVI 2020 0.845 1.00 0.909 0.846 1
NDBI 2020 0.741 0.989 0.824 0.741 0.985 1
*, highly positive correlation; **, very high positive correlation
DISCUSSION However, the LST analysis demonstrates a

By reviewing the land use and land cover (LULC)
changes and the statistical analysis, this investigation
highlights the inter-relationship between urban
expansion and environmental parameters in the NECC
study area. It also, examines the spatial and temporal
distribution of Land Surface Temperature (LST),
Normalized Difference Vegetation Index (NDVI), and
Normalized Difference Built-up Index (NDBI) in
North East Cairo City (NECC) during a period of
twenty years, from 2000 to 2020.

The NECC witnessed urban growth, with urban
areas increasing by 211.2 km? at an average annual
pace of +10.56 km2. This urban growth has profoundly
altered the landscape, resulting in an obvious decrease
in the area of bare land and agriculture. To be more
specific, the area of bare land declined by 196.2 Km?,
while the agricultural land declined by 23.9 KmZ
Conversely, slight rises were observed in water bodies
and salinized areas, which indicates the continuous
alterations in land use dynamics. According to the land
use classification findings from 2000 and 2020, bare
land and agricultural cover are the most prevalent
categories of land use, even though their proportions
have decreased over time. Urban areas have expanded
significantly from 11.64% in 2000 to 27% in 2020,
This shift underscores a distinct pattern and a clear
trend of urban development and land conversion that
are influenced by economic and demographic factors.
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significant rise in surface temperatures, particularly in
urban and bare land areas. The urban areas in 2020
recorded the highest Land Surface Temperature (LST)
values, with temperatures ranging from 56-58°C.
Compared to that, agricultural areas experienced lower
temperatures, ranging from 27-31°C, while water
bodies had temperatures ranging from 32-35°C. The
primary contributing factor to this increase in
temperature is mostly due to the widespread
urbanization and decrease in vegetation cover.

The notable rise in temperature in urban areas
highlights the Urban Heat Island (UHI) phenomenon,
wherein the constructed environment absorbs and
retains heat to a greater extent than natural landscapes.
The finding matches up with previous studies that
document the heat retention properties of metropolitan
areas and the resulting influence on the local climate.
The worldwide and Egyptian research extensively
supports the strong correlation between urban
expansion and the rise in land surface temperature
(LST). Global research, notably studies conducted by
Oke (1982), Weng et al. (2004), and Meng et al.
(2010), emphasize that urbanization increases land
surface temperature (LST) as a result of heat
absorption by impermeable surfaces and decreased
vegetation. In Egypt, academics Abd-Elmabod et al.
(2022), and Mostafa et al. (2023) have observed
notable increases in Land Surface Temperature (LST)
due to the rapid expansion of urban areas and changes
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in land cover. These findings align with global patterns
and highlight how urban sprawl and material
conductivity contribute to the intensification of the
Urban Heat Island (UHI) effect.

The statistical analysis reveals a strong positive
correlation between Land Surface Temperature (LST)
and the Normalized Difference Built-Up Index
(NDBI), with coefficients ranging from 0.74 to 0.99,
indicating that increased built-up areas correspond to
higher temperatures. Conversely, the correlation
between the Normalized Difference Vegetation Index
(NDVI) and LST is negative, signifying that denser
vegetation is linked to cooler temperatures. This
highlights the cooling effect of vegetation, which
mitigates temperature increases associated with
urbanization. The findings underscore the importance
of maintaining and expanding green spaces to
counteract the Urban Heat Island (UHI) effect and
improve urban environmental quality, suggesting that
green infrastructure is crucial for managing urban heat
and enhancing climate resilience.

As an Overall implication, the study's results
underscore the profound impact of urban expansion on
LST, NDVI, and NDBI. The observed trends indicate
that increasing built-up areas are the primary driver of
higher surface temperatures, while the loss of
vegetation exacerbates this effect. The study highlights
the need for sustainable urban planning that integrates
green spaces and environmental considerations to
mitigate the negative impacts of urban heat. Effective
urban planning and policy measures should focus on
balancing development with environmental presser-
vation. Strategies such as increasing green spaces,
promoting sustainable construction practices, and
enhancing urban greenery can help mitigate the UHI
effect and promote a more sustainable urban
environment. In conclusion, this study provides a
comprehensive understanding of the interrelationships
between LST, NDVI, and NDBI in the context of rapid
urban expansion in the NECC. The findings underscore
the need for integrated urban planning approaches that
consider  environmental impacts and promote
sustainability. By addressing these issues, cities can
better manage the challenges of urbanization and work
towards creating more resilient and livable urban
environments.

CONCLUSION

This research reveals an extensive analysis of the
linkages amongst Land Surface Temperature (LST),
Normalized Difference Vegetation Index (NDVI), and
Normalized Difference Built-Up Index (NDBI) in
North East Cairo City (NECC) over twenty years
(2000-2020). While agriculture and bare areas have
reduced, there has been a noticeable increase in urban
growth, which has led to a significant rise in land
surface temperatures. The results emphasize that urban
areas have greater temperatures than the adjacent
natural landscapes. The study's observation indicates
that urban areas exhibited the highest Land Surface
Temperature (LST) readings, while agricultural areas
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and water bodies displayed comparatively lower
temperatures. The robust positive association between
Land Surface Temperature (LST) and Normalized
Difference Built-up Index (NDBI) underscores the role
of expanded urban areas in rising temperatures.
Conversely, the negative correlation between the
Normalized Difference Vegetation Index (NDVI) and
LST underscores the cooling impact of vegetation. The
findings line up with investigations conducted at both
global and local levels, reinforcing the correlation
between urbanization, and land surface temperature.
The study's results align with the existing research that
shows how urban expansion results in increased Land
Surface Temperature (LST) as a result of heat
absorption by impermeable surfaces and a reduction in
vegetation. Based on these findings, the research
promotes the implementation of sustainable urban
planning that integrates green infrastructure and
environmental factors. Efficient strategies should
involve the enlargement of green areas, implementation
of sustainable construction methods, and improvement
of urban vegetation. Implementing such solutions is
essential for reducing the land surface temperature and
enhancing the quality of the urban environment,
eventually promoting a more robust and livable
environment in cities. Finally, this research emphasizes
the critical need for integrated urban planning
strategies that effectively harmonize development with
environmental sustainability. By intelligently estab-
lishing and sustaining green infrastructure, where cities
can successfully tackle the difficulties brought about by
fast urban expansion, such as with higher land surface
temperature, and improve the overall quality of urban
life. This approach contributes to creating a more
sustainable future for cities.
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