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Differencing in both land uses and covers are basically occurred by urbanization and changes of land cov-
ers. It has a notable power on the climate, by incorporating with buildings, roads, and other impenetrable
surfaces, urban areas have the higher absorption of solar radiation, and it stored larger thermal capacity
and conductivity, so the heat through the day and freed night. Consequently, urban areas be likely to be
wormer matched with the around rural areas. This temperature difference, in addition to the heat
released by transport and industry, adds to the evolving urban heat island (UHI). Study area covers
Cairo and Giza Cities, which have a rapid urban expansion over the past three decades due to a high pop-
ulation density, accelerated economic and industrial development.
The primary objectives of this work are to map urban heat islands (UHI) intensity for study area using

Landsat TM/ETM+/OLI thermal band for the periods 1984-2000-2015. Moreover, to find the relation
between land covers with its change rates, land surface temperature (LST), and urban heat islands (UHI).
The results exposed that the neural network method is the superior method to produce land cover

maps of the study area. Results obtained illustrate the great urban expansion from 1984 to 2015; in addi-
tion to spatial and temporal variability in LST in those urban areas, (especially industrial buildings that
released a higher temperature than its surroundings), besides, the sizes of UHI in 2015 are greater than
1984.
� 2017 National Authority for Remote Sensing and Space Sciences. Production and hosting by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).
1. Introduction

Cities are major sources of Green House Gas (GHG) emissions,
the world’s urbanization rate has risen by 21% over the past
60 years. Cities demonstrate higher daytime temperatures than
surrounding rural areas, which caused what called ‘‘urban heat
island (UHI) effect and the consequences of mass urbanization
upon the environment have now become clear (Fu and Weng,
2017; Lelovics, 2011). Urban heat island phenomenon is the higher
documented climate change phenomenon (Tan et al., 2010a;
Santamouris, 2015).

Urban and industrial expansions improve our lives and luxury;
however, they also induce many Leading to increasing environ-
mental problems to human beings, like global warming, industrial
air pollution (Falahatkar et al., 2011a,b). Currently, urbanization
considered the most important driver of climate change (E-
Hattab, 2016). The urban heat island effect is a critical factor for
air quality management and public health in urbanized areas
(Wilby, 2008). The adverse effects of UHI include increase in
energy consumption also it has bad effect in tourism. Great benefit
of studying the urban heat island is that the quantity of attention is
not the entire urban temperature, but the temperature difference
between the urban and rural areas (Streutker, 2003). Urban areas
relatively higher temperature compared with the surrounding
rural areas (Buyantuyev and Wu, 2010). This thermal difference,
in conjunction with the heat of transport and industry, was con-
tributed to the development of urban heat island (Yuan and
Bauer,2007). The intensity of urban heat island is the difference
between average temperature of urban heat island areas and that
of rural areas (Zhang et al., 2013).

Urban heat island (UHI) refer to the natural warming of both the
atmosphere and surfaces inside the cities compared to their sur-
roundings, especially at night (Gabriel and Endlicher, 2011). Under
optimum conditions, UHI may be up to 10–15 �C (Chow and Roth,
2006). The urban heat island (UHI) occurrence may rises air
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temperatures in cities by 2–5 �C (Onishi et al., 2010; Chen et al.,
2008). Increasing in urban areas temperature is due basically to
due to the heat stored and radiated again by huge and complex
urban constructions, in addition to the anthropogenic heat
released from other sources like cars, factories, and other heat
sources (Falahatkar et al., 2011a,b). Thus, the UHI is of an increas-
ing concern to the scientific community and has been investigated
through the remote sensing techniques, Satellite remote sensing
techniques has made the studying of UHI in global scale feasible
(Ramachandra and Kumar, 2010).

Nowadays, thermal infrared bands have become one of the
important means to study the UHI (Keramitsoglou et al., 2011).
Recent years have witnessed the increasing use of thermal infra-
red (TIR) data for the UHI studies. A series of studies have been
performed. Cao et al.,2008 have been performed a research to
relate land surface temperature (LST) and Normalized Difference
Vegetation Index (NDVI). Falahatkar et al., 2011a,b) have been
analysed the impact of land cover change surface temperature.
Zhao-ming et al., 2004; Effat et al., 2014 have been studied the
impact of urban growth on urban heat island (UHI). Chen et al.
(2006), Xian and Crane (2006) and Yuan and Bauer (2007) have
been related UHI patterns to land-cover/land-use changes, to veg-
etation and impervious fraction. (Effat and Hassan, 2014) have
been explored.

Mapping and detecting changes in land-cover and heat islands
over Cairo only through three decades using multi-temporal Land-
sat TM satellite data. According to the thermal infrared sensing
data of Landsat TM/ETM+ and OLI were used to quantify the land
surface temperature (LST) of the study area.

The optical bands for all images have been used in mapping
land use/land cover and related changes and the thermal bands
Fig. 1. Study area (East and
have been used in thermal mapping, analyzing the changes in tem-
perature and detection of urban heat islands.

In this paper, LULC has been obtained from remotely sensed
data using three classifications techniques; neural network, maxi-
mum likelihood, and minimum distance methods. Then calculating
land surface temperature, followed by illustrating the urban heat
islands, to explore the relationships between LULC and LST, UHI.
2. Study area

It is representing the area lies south of Cairo city centred by the
River Nile. It comprises part of the Nile Delta cultivated land and
the River Nile from the west, and desert from the east. Most of
the urban areas were mixed with vegetation, commercial, public,
and industrial areas in different degrees. The study area consists
of 19 Division and centers like; 15 May, Ahram, Pasaten, Tebbin,
Giza, Hawamdia, Dokki, Agouza, El Omraneya, Maadi, Bulaq Dak-
rur, Helwan, Tora, Masr Gedida, Badrashin, Saff, Ayat, Osim, Ker-
dasa. Through the last three decades, the study area has a
noticeable urban increase at the expense of the around agricultural
lands on the western bank and towards eastern desert areas.
3. Data sources

� The data has collected from Landsat data acquired from three
different sensors (Landsat-5 TM, Landsat-7 ETM+, and
Landsat-8 OLI), on 3 August 1984, 23 August 2000, and 9 August
2015. Fig. 1 illustrates the study area.

� Thirty well distributed differential GPS control points were col-
lected obtained with 10 cm accuracy in x,y,z.
West the River Nile).
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4. Methodology

� Atmospheric correction was conducted using ENVI 5.1 quick
atmospheric correction module.
Fig. 2. Types of classification for L
� Landsat images of years 1984, 2000, 2015 have been rectified
and coregistered using second order polynomial.

� The supervised classifications of optical bands for multitempo-
ral images have been performed using the maximum likelihood,
andsat OLI, TM, ETM images.



Table 1
Accuracy assessment of an images classification.

Classification Kappa coefficient Overall accuracy

Maximum likelihood-1984 0.979 98.651%
Maximum likelihood-2000 0.949 96.732%
Maximum likelihood-2015 0.981 98.807%
Minimum distance-1984 0.974 98.340%
Minimum distance-2000 0.924 95.124%
Minimum distance-2015 0.977 98.547%
Neural network-1984 0.987 99.170%
Neural network-2000 0.981 98.807%
Neural network-2015 0.984 99.014%
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minimum distance and neural network techniques. The classi-
fied maps were checked with overall accuracy and kappa index.
Where neural network is higher accuracy than the others meth-
ods, for TM, ETM+ but for OLI maximum likelihood was higher.

� Changes in Land cover during the years 1984–2015 were detected.
� Extraction of vegetation index (NDVI) was done, which used to
calculate the emissivity. NDVI using Near-infrared & Red bands
(5, 4) for Lansat8, bands (4, 3) for Landsat5 and 7.

� Estimation of the land surface emissivity (LSE) from the NDVI
has been performed.

� The brightness temperature (BT) was retrieved using Landsat
thermal band by two steps; the first was conversion of digital
number to spectral radiance, the second used to convert the
spectral radiance at sensor to brightness temperature.

� Retrieving the land surface temperature (LST).
� Urban heat islands (UHI) were extracted from temperature
mean and standard deviation.

� The relationships between LULC and LST, UHI have been
calculated.

4.1. Image pre-processing

� Firstly each OLI/TM/ETM file was composed of the independent
single-band images. Thus, layer stacking tool was used to com-
bine the single-band images to a multi-bands image of OLI/TM/
ETM excluding the thermal band. Secondly atmospheric correc-
tion was conducted using quick atmospheric correction module
in ENVI 5.1 software as a pre-processing step.

4.2. Geometric correction

� The polynomial method considered in this paper are the mostly
used in rectification process, since they are easy to apply and
implement in commonly used GIS and remote sensing and they
do not require information about the geometry of the imaging
sensor (Rocchini and Rita, 2005). In general terms, the higher
the order of the polynomial function, the higher the possibility
to correct images for more complex types of distortion
(Rocchini and Rita, 2005).

� Landsat 2015 image has been rectified using well distributed fif-
teen differential GPS control points (roads intersections). A sec-
ond order polynomial model was used for the rectification and
the image was resampled using the nearest neighbor algorithm
with a pixel size of 30 m. The resultant RMS of the fifteen differ-
ential GPS check points was found to be less than 0.25 pixels.

� Other Landsat image were further coregistered to a common
Universal Transverse Mercator coordinate system using second
order polynomial based on Landsat 2015 reference image that
was georeferenced using differential GPS coordinates, and were
resampled using the nearest neighbor algorithm with a pixel
size of 30 m for all bands including the thermal band. The resul-
tant RMS of the fifteen differential GPS check points was found
to be less than 0.3 pixels for all other images (1984, 2000). The
data pre-processing was performed using ENVI 5.1 software.

4.3. Land-use/land-cover mapping

The overall objective of image classification procedures is to
categorize all pixels in an image into different classes or themes
such as vegetation type, urban water (Mandal et al., 2006).

Supervised classification technique is a procedure for identify-
ing spectrally similar areas on an image by identifying ‘‘training”
sites of known targets and then generalizing the extracted spectral
signatures to other areas of unknown targets. Training samples are
taken to obtain statistics of known classes (Imam et al., 2009;
Hadjimitsis, 2010).
4.3.1. Classification techniques
The supervised classifications of optical bands for multitempo-

ral images have been performed using the maximum likelihood,
minimum distance, and neural network techniques. Four land
cover classes extracted; urban or built-up area; cultivated land;
desert or semi-desert and water bodies (Nile River and canals).
The classification was performed using ENVI 5.1 software, Fig. 2.
4.3.1.1. Traditional classifiers.
4.3.1.1.1. Maximum likelihood. The most popular classifier is the
Maximum Likelihood classification. The premise of this approach
is the normality of the spectral distribution of pixel values for each
land-cover type (Hadjimitsis, 2010).

4.3.1.1.2. The minimum distance. The minimum distance algo-
rithm (also called spectral distance) is performed by placing a pixel
in the class of the nearest mean. It uses the mean vectors of each
region of interest (ROI) and calculates the Euclidean distance from
each unknown pixel to the mean vector for each class (Mandal
et al., 2006).
4.3.1.2. Subpixel classification.
4.3.1.2.1. Neural networks (NN). Basic NN is composed of three lay-
ers, input, output and hidden layer. Each layer can have number of
neurons and neurons from input layer are connected to the neu-
rons from hidden layer. Nodes from hidden layer are connected
to the neurons from output layer. Those connections represent
weights between neurons. The number of input neurons is equal
to a number of input features, the number of neurons in the output
layer is the number of land cover classes to be classified. The num-
ber of neuron in the hidden layer was determined by the sequen-
tial testing and validation process using the training data
(Kavzoglu and Colkesen, 2009).

The classified maps of multitemporal images checked for over-
all accuracy and kappa index using a stratified random sampling
method, by which 50 samples were selected for each land use
and land cover category. The reference data was collected from
the Google Earth images for all different classification algorithms.
Table 1 shows that neural network classification algorithm has
the higher accuracy. The overall accuracy of the three years classi-
fications using the neural network were 99.17%, 98.81%, 99.01
respectively. The Kappa coefficient of the three years classifications
are 0.9871, 0.9814, 0.9847 respectively.
4.4. Mapping land-use/land-cover changes

By using classified images of all used dates, change detection
technique executed. Tables 2, 2a and 3 show Land cover areas, Per-
cent changes of urban and Changes in land covers. Figs. 3 and 4
depict changes of different land covers and areas different land
covers; it found that urban mass grew and sprawled on the
expense of the Nile Delta productive arable areas, Fig. 5.



Table 2a
Percent changes of Urban (built-up areas) from Landsat multi-temporal images.

Year 1984 2000 2015

Urban (Built-up area) (%) 17.39 23.33 33.61

Changes in built-up area 1984–2000 2000–2015
Changed built-up areas (%) 5.94 10.28

Fig. 4. Changes in Land cover using Landsat multi-temporal images.

Table 2
Land cover areas detected from Landsat multi-temporal images.

Area (km2)
Land cover 1984 2000 2015

Urban 153.29 205.58 296.23
Vegetation 374.26 373.75 346.12
Water body 26.71 22.21 18.64
Desert 327.01 279.73 220.28

Table 3
Changes in land covers detected from Landsat multi-temporal images.

Change in Land cover areas (km2)
Land cover 1984–2000 2000–2015

Urban 52.29 90.65
Vegetation �0.51 �27.63
Water body �4.5 �3.57
Desert �47.28 �59.45
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4.5. Estimating of normalized difference vegetation index (NDVI)

The normalized difference vegetation index (NDVI) is a tradi-
tional vegetation index and is calculated by using the reflectance
Landssat5 - 1984 LLandsat7 

Fig. 3. Changes in Land cover using
in the red and near infrared bands It used to identify vegetated
areas or non-vegetated areas (Chen et al., 2008).

The Normalized Difference Vegetation Index derived from all
multi-date images using the formula [NDVI = (NIR � RED)/(NIR
+ RED)] (Jiang et al., 2006).

Where NIR and RED are the spectral reflectance in the OLI near-
infrared = band5, red = band4 and TM and ETM + near-
infrared = band4, red = band3.

This NDVI equation produces values in the range from �1 to 1,
where positive values indicate vegetated areas and negative values
signify non-vegetated surface features such as water and barren
(Yuan and Bauer, 2007).

The mean Normalized Difference Vegetation Indices (NDVI) for
the study area illustrated in Figs. 6a–6c equal to 0.29, 0.13 and 0.24
for 1984, 2000 and 2015, respectively (Table 4).
- 20000 Landsat8 - 2015 

Landsat OLI, TM, ETM images.



Fig. 5. Urban area change in study area, period 1984–2015.

Fig. 6a. Change of NDVI area in study area.
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Fig. 6b. Changes in NDVI mean values for the green areas in study area.

Fig. 6c. A map of vegetation area change in study area, 1984–2015.
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Table 4
NDVI mean values for study area.

Year Min NDVI Max NDVI Mean NDVI

1984 �0.32 0.72 0.29
2000 �0.29 0.60 0.13
2015 �0.28 0.55 0.24

Table 5
Thermal constant values.

Thermal band of different satellite
images (senors)

Calibration
constant (K1)

Calibration
constant (K2)

OLI-(band11) 480.89 1201.14
TM-(band6) 607.76 1260.56
ETM-(band6) 666.09 1282.71
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This explains an encroachment on cultivated land compared to
the increased interest in the fast-growing urban. Therefore do not
help in reducing the urban heat island intensity. The NDVI mean
value increased to 0.24 in 2015 compared to a value of 0.13 in
2000. This indicate some care and management for the green areas
especially in eastern part of the study area and because of reclama-
tion some areas of desert. See Figs. 6a–6c.
4.6. Estimation of the land surface emissivity (LSE) from the NDVI

Land surface emissivity (e) was estimated using the NDVI
thresholds method as proposed by Sobrino et al. (2004) according
to the following equations.

de ¼ ð1� esÞð1� PvÞF ev ð1Þ

ev = vegetation emissivity, Ɛs is the soil emissivity, F is a shape fac-
tor whose mean value, Pv is the vegetation proportion obtained
according to equation (Quintano et al., 2015).

Pv ¼ ðNDVI� NDVImin=NDVImax þ NDVIminÞ2 ð2Þ
Assuming different geometrical distributions, F is equal to 0.55

(Lim et al., 2012).

e ¼ evPv þ esð1� PvÞ þ de ð3Þ
4.7. Derivation of LST from Landsat TM/ETM+/OLI imagery

Thermal band converted to satellite-derived surface tempera-
ture in two stages (Coll et al., 2010).

1- Convert DN to radiance.
2- Convert radiance to brightness temperature.

4.7.1. Conversion of digital number to spectral radiance
The digital numbers (DNs) turned to radiances by applying the

calibration coefficients (gains and offsets) specified in the Landsat
(Xu et al., 2011). The formula used in this process is

½Lk ¼ Lmin þ ðLmax � Lmin=QmaxÞQdn� ð4Þ

Lk is the spectral radiance for the thermal band in Wm-2sr-1.
Lmin is the radiance – minimum for the thermal band.
Lmax is the radiance – maximum for the thermal band.
Qdn is a digital number.
Qmax is the maximum quantized calibrated pixel value

(Typically = 255 for sensors TM and ETM and usually = 65535
for Landsat 8).
Table 6
Land Surface Temperature (LST) statistics.

Year Max Temp (�C) Min Temp (�C)

1984 41.93 24.31
2000 43.19 25.73
2015 46.25 28.07
4.7.2. Calculating at- sensor brightness temperature
Spectral radiance was converted to at-sensor brightness tem-

perature using the formula (Tan et al., 2010b).

BT ¼ K2= lnðK1=LkÞ þ 1Þ � 273:15 ð5Þ

BT is brightness temperature at satellite in degrees Celsius
K1, K2 are Thermal constant value for all images, Table 5

4.8. Obtaining of land surface temperature (LST)

Land surface temperature was estimated using next equation:
(Weng and Lu, 2008).

LST ¼ BT=1þW � ðBT=PÞ � InðeÞ ð6Þ
W is the effective band wavelength (11.475 mm), P = h*c/s
(1.438*10^�2 mK), h = Planck’s constant, c = velocity of light,
s = Boltzmann constant (1.38*10^�23 J/K) and e is Land surface
emissivity.

ðLSTÞ > lþ 0:5 �std; referred to UHI area ð7Þ

While for non� UHI areas : 0 < LST 6 lþ 0:5 � std ð8Þ
Where m = mean of temperatures in the study area;
std = standard deviation of temperatures in the study area.

Eq. (8) was used to classify the land surface temperature LST
images.

Table 6 shows the land surface temperature (LST) values for all
used dates, while Fig. 7(a) depicts maps for the retrieved land sur-
face temperature (LST) of study area. Fig. 7(b) depicts the distribu-
tion map of LST in Industrial areas 2015).

Fig. 7(c) illustrate comparison of LST in various land use/cover
in Landsat OLI (2015).

4.9. Mapping urban heat islands (UHI)

The urban heat island (UHI) effect refers to the temperature rise
of any man-made area. This effect is mainly caused due to the con-
centration of human activities and artificial built surfaces which
are mainly composed by construction materials that efficiently
absorb and store solar energy, releasing heat slowly, and mainly
during the night. The urban heat island effect is a critical factor
for air quality management, environmental studies and public
health in urbanized areas.

The intensity of urban heat island is the difference between
average temperature of urban heat island areas and that of rural
areas (Zhang et al., 2013).

LST > lþ 0:5�std referred to UHI area ð7Þ
Mean Temp (�C) St. deviation (�C) m + 0.5 *std

34.45 3.38 36.14
36.06 3.80 37.96
36.67 2.80 38.07



Fig. 7a. Maps for the retrieved land surface temperature (LST) of study area.

Fig. 7b. The distribution map of LST in Industrial areas) 2015.
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0 < LST � m + 0.5 * std denoted as non-UHI where m and std are
the mean and standard deviation of temperatures in the study
area, respectively.
Fig. 8(a) depicts the spatial distribution of the HI zones.
UHI determined as the spatially-averaged temperature

difference between an urban and it’s around a rural area. The



Fig. 7c. Comparison of LST in various land use/cover in Landsat OLI (2015).

Fig. 8a. The distribution map of HI in study area, 1984–2015.
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UHI intensity values during the three dates illustrated in Table 7.
Fig. 8b: illustrates the distribution map of UHI in study area,
1984–2015, while the Table 8 illustrates the area and percentage
of the Urban Heat Island during that period (1984–2015).

4.10. Land cover types relationships to UHI

The relationships between land cover types and UHI examined
and the UHI intensity in east and west the River Nile were
compared.
Table 7
Urban Heat Island Intensity (calculated from LST).

Image Acquired Urban LST (�C) V

Max Temp (�C) Min Temp (�C) Mean Temp (�C) M

1984 46.515 26.431 34.333 4
2000 48.917 26.831 35.978 4
2015 51.772 29.070 39.225 4
5. Results and discussion

The emergence of urban heat island (UHI) is one of such issues
that deteriorate the urban environment.

In this study, three Landsat sensors were used to detect urban
growth and UHI changes in the study area during two time periods
(1984 to 2000 and 2000 to 2015).

The optical bands for all images have been used in mapping
land use/land cover and related changes and the thermal bands
egetation LST (�C) UHI intensity (�C)

ax Temp (�C) Min Temp (�C) Mean Temp (�C)

9.630 24.735 33.059 1.274
8.917 25.734 33.852 2.126
6.857 28.597 36.383 2.841



Fig. 8b. The distribution map of UHI in study area, 1984–2015.

Table 8
The area and percentage of the Urban Heat Island during 1984–2015.

Year Area of the Urban Heat Island (km2) Percentage (%)

1984 126.51 14.36
2000 268.83 30.50
2015 307.37 34.88
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have been used in LST mapping, analyzing the changes in temper-
ature and detection of urban heat islands

The supervised classifications of optical bands for multitempo-
ral images have been performed using the maximum likelihood,
minimum distance, and neural network techniques.

From Table 1, Fig. 2, it is apparent that neural network method
is the superior method to produce land cover maps of the study
area.

By comparing the overall accuracy and the Kappa coefficient of
the three classifications of the three years, it is clear that followed
by maximum likelihood then minimum distance. The overall accu-
racy using the neural network of three years classifications were
99.17%, 98.81%, 99.01 respectively. The Kappa coefficient of the
neural network of three years classifications were 0.9871, 0.9814,
0.9847 respectively.
5.1. Land use/land cover changes in study area

The study area underwent to a fast urbanization during the
years 1984–2015. The total area obtained in the images were
equivalent 881.27 km2. Analysis of Landsat TM, ETM+ and OLI
images reveals that the built-up areas increased from 153.29 km2

to 205.58 km2 from 1984 to 2000 with an increase of 52.29 km2,
respectively amounting to an increase of 5.94% (Table 2a). The
increase in urban area was recorded from image 2015 where the
urban areas reach 296.23 km2 with an increase of 90.65 km2,
respectively amounting to an increase of more drastically in the
second period (10.28%) than the first period (5.94%). The possible
reasons are, during the second period, urban growth was under
reasonable planning, as green areas of the study area were
improved. (Tables 2, 2a and 3 and Fig. 4, 5).
5.2. Changes in NDVI

From Table 4 and Figs. 6a–6c, it is clear that there is a decreas-
ing in NDVI mean value to about 0.13 in year 2000 compared to a
value of 0.29 in 1984. This explains an encroachment on cultivated
land compared to the increased interest in the fast-growing urban.
Therefore, do not share in reducing the urban heat island intensity.
The NDVI mean value increased to 0.24 in 2015 compared to a
value of 0.13 in 2000. This indicates some care and management
for the green areas especially in eastern part of the study area
and due to reclamation projects in this area. Table 4 and
Figs. 6a–6c.
5.3. Mapping land surface temperature (LST) for various land-
use/land-cover

To find the relationship between urban development and land
surface temperatures, the thermal values of each land cover type
was obtained by overlaying a land surface temperature image with
a land-use/land-cover map in the same year. The land surface tem-
perature mean values for various land-cover type for each of the
multi-temporal images is sum- summarized in Table 6. It is noticed
that the high temperature was compatible with the urban size, the
distribution of industrial areas in eastern part which can extract by
comparing land cover with temperature maps.

Industrial zones radiation temperature was significantly higher
than other urban areas in the study area. Where there found facto-
ries of iron and steel, Coke plants, Cement, Brick, and Fertilizers.
Those industrial zones have high LST values compared to the other
land cover types.
5.4. Relationships between urban growth and UHI

The percent of the built-up area increased from 17.39% in
(1984) to 33.61% in (2015), approximately than doubling the size
of the urbanized areas. While the percent of cropland decreased
from 42.47% to 39.28% for the same time span, the ratio was not
significantly less because of the desert land reclamation where
the percent of desert decreased from 37.11% to 24.10. Comparing
the built-up change map and the UHI change map, one can find



Fig. 9. Land use/cover pattern (a),(b)(,c) and temperature distribution in east and west the River Nile region (d), (e),(f).
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that the UHI relatively intensified area coincides with the built-up
expansion area.
5.5. Change of urban heat island (UHI) intensity for the period 1984–
2015

The intensity of urban heat island was derived by calculating
the difference between average land surface temperature of the
identified UHI areas and that of rural areas. The calculated intensi-
ties of UHI for the multi temporal images. The results indicated
that noticed that the UHI increased from 1.27 �C to 2.13 �C in the
observed images of 1984 and 2000, respectively. after which, the
UHI mean values rose from 2.13 �C to 2.84 �C in 2000 and 2015
images, respectively (Table 7).
5.6. Relationships between LULC and UHI

The relationships between LULC and UHI intensity which the
results in Fig. 9(d), (e) and (f) suggest that the spatial pattern of
the heat islands (areas with relatively high temperatures) has
changed from a pattern (bare land, semi-bare land, and urban area
were warmer than other areas) in 1984, 2000 to a more contiguous
pattern of urban heat islands in 2015, along with the expansion of
the urban system. The high temperature was compatible with the
urban size, the distribution of industrial areas which can be seen by
comparing land use/cover with temperature maps (Fig. 9(a), (b),
(c) and (d), (e), (f)). The results showed that the (UHI) area
increased faster in the first period (16.14%) than the second period
(4.38%), although the built-up area increased more drastically in
the second period (10.28%) than the first period (5.94%). See Fig. 9.

The possible reasons are, during the second period, urban
growth was under reasonable planning, as green areas of the study
area were improved.

Industrial zones surface temperature is nearly 5 �C higher than
the centre of the study area. These zones have high LST values
compared to the other land cover types. These suburban areas
show the strongest urban heat island effect mainly caused by the
anthropogenic heat release from vehicles, air conditioners, air pol-
lution, and many artificial heat sources lead to the urban heat
island effect. Also, it found that the new towns throughout the
study area show to some extent heat island effect, but less intense
than the industrial zones and Cairo airport. See Fig. 9.
6. Conclusions

The results obtained from the present study proved the validity
of using multi-temporal Landsat satellite images to map and detect
changes in the urban heat islands (UHI) over the densely built-up
city such as study area. This work has led to the following
conclusion:

Firstly, Land use land cover mapping based on optical bands for
multitemporal images have been produced using the maximum
likelihood, minimum distance, and neural network techniques.
Results indicated that land cover maps produced using the neural
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networks are superior related to the other methods. There was a
high urban development from 1984 to 2015.

Secondly, brightness temperature were derived from Landsat
TM/ETM+/OLI thermal band for the periods 1984-2000-2015 and
produce Land surface temperature (LST) map. It was observed that
Spatial evolution of heat island has correlation with urban expan-
sion in the study area, which fully demonstrated that urban expan-
sion is the fundamental driving force for Urban Heat Islands
Effects, (especially industrial enterprises that have a higher tem-
perature than surroundings),

Thirdly, urban heat islands (UHI) intensity was mapped and the
relationships between LULC and UHI were explored. It was found
that the urban heat island increased with increasing urbanization.
The UHI increased quicker in the first period than in the second
period, although the built-up area increased more drastically in
the second period than the first period.

The results revelled that the expansion of urban in the study
area has consumed parts of vegetated areas. The LST and UHI
industrial areas are significantly higher than other areas in the
study area. Where there factories iron and steel, coke plants,
cement, brick and factories fertilizer have high LST values com-
pared to the other land cover types. It is recommended for future
urban site planning to put industrial activities (factories) outside
the core of the city. Further work is planned to explore the impact
of urbanization-induced land-cover changes on patterns Heat
Islands Using Multi-Temporal sentinel images.

Studying Urban Heat Island effects is not the fundamental pur-
pose, but eliminating or reducing it is the final aim. Therefore, in
future studies, attach importance to study the simulation and pre-
diction of urban heat island process, ecological effects and control
measures of Urban Heat Island Effects.
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