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Abstract: A key factor in different research fields, environmental and global change studies being two examples, is land surface
temperature (LST). Earth - atmosphere interaction is the key parameter of the physics processes of the earth. LANDSAT 8 and
LANDSAT 5 from LANDSAT series, have resulted in a great number of possibilities to investigate land processes with the use of remote
sensing. This piece of research attempts to estimate LST over Al Taif city, Saudi Arabia, using LANDSAT Thermal Infrared Sensor
data as a response to lack of meteorological station (one meteorological station in Al Taif). Variability of retrieved LST has been studied
in terms of values of Normalized Difference Vegetation Index (NDVI) for a multiplicity of types of land cover, and in accordance with
the Landsat visible and NIR channels. A procedure that makes use of both visible and near infrared bands has been used to estimate
Land Surface Emissivity (LSE), upon which rests the application of the method. This study’s focus is to develop a method that processes
ERDAS IMAGINE images using band 10 data LANDSAT 8 thermal imagery and band 6 LANDSAT 5 thermal imagery. Findings
indicate high LST in built-up areas of the Metropolitan area and low LST in areas with a lot of vegetation cover and water bodies. This
study has revealed that NDVI and LST negatively correlate in the area studied. The results show that, with decrease of (LST), there
seems to be an increase of vegetation cover (VC). Decrease in vegetation cover, however, seems to be pronounced with increase of
(LST). The evidence from this study suggests that, in areas with the highest temperature reaching 49°C, vegetation is absent. Yet, a

dense vegetation cover was found in areas with temperature as low as 12°C.
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1. Introduction

During the last decade, many works were devoted to the
extraction of land surface Temperature from remote sensing
data. Thermal sensors, on board of satellites and planes,
offer the possibility of obtaining data about spatially
distributed of land surface Temperature. The NOAA-
AVHRR, Landsat TM / ETM +, Was In hiding / Aqua Was
in hiding MODIS and ASTER supply various scales images
for many applications in relation with the earth's surface [1].
Surface temperature is one of many subjects which
interested several authors [2] [3] [4] [5] [6] [7] [1].

The extensive request of the surface temperature for the
environmental studies and the natural resource activities
management made the detection surface temperature more
and more an important academic subject [4]. Surface
temperature is the key parameter of the earth’s physics
processes because of its role in the energy between the earth
surface and the atmosphere [8]. It is one of the most
important parameters in all the earth - atmosphere
interactions and this is an important indicator of energy flow
between the earth and the atmosphere, as well as being a
good indicator of the energy balance on the earth surface [9]
[10] [11] [12]. So, the information about the surface
temperature (ST) is important for various applications like
climatic, hydrological, ecological, agricultural and
biogeochemical [2] [4] [5] [13] [14] [15] [16].

The surface temperature, including the sea temperature, is a
main geo-biophysics variable to recover from the thermal
infrared data (TIR) detection, because most sensor-detected
energy in this spectral region is found to be a direct emission
from the earth surface [17].

However, the estimated surface temperature from the remote
sensing can be useful and can substitute the measures on the
earth surface, it is necessary to estimate it with an adequate
precision, less than 2°K for energy flows and of the order of
0,3°K for the climate change detection [1].

To solve the problems of surface temperature estimation, it
is necessary, to made some intervention such as the
calibration of the thermal sensors, the detection of clouds
and mainly, atmospheric and emissivity corrections [18].

In this study we will try to detect surface temperature
through Landsat images and found the relationship between
changing vegetation density and temperature patterns of SW
of Taif. To achieve this, the NDVI and land surface
temperature (LST) images derived from Landsat TM/OLI-
TIRS have been used.

NDVI is mainly used to indicate the vigour of vegetation, its
density and its health in any area under study. It is
considered the most used vegetation index. NDVI indicator
is calculated from red and NIR bands of satellite image data
to evaluate if land cover contains green and live vegetation.
Rouse et al. [19] are the first who conceived the NDVI
index, is founded on light being absorbed and reflected by
vegetation. The NDVI is measured by the formula given in
equation 3. The NDVI value is comprise between -1 and +1
where -1 correlate with pixel having no vegetation and +1
with pixel with dense vegetation cover. The majority of
studies reveal a harmonious correlation between NDVI and
vegetation biomass and dynamics in a number of ecosystems
globally [20] [21]. In addition, more investigation of
NDVT’s relationship with climatic variables has supported in
accomplishing ~ future  predictions  possible  [22].
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Consequently, the NDVI serves as a first favourable tool
which can integrate vegetation, climate, ecosystem and
environment. It can also be used to undertake studies at
larger scales, be they temporal or spatial [23].

The interrelationship between LST and NDVI has been
largely reported in the literature. A strong LST and NDVI
relationship is proved by Mallick and al. [24] that are using
Landsat 7 ETM+ data to found this relationship. Other
comparable studies showing a negative correlation between
LST and NDVI have been tried [25] [26] [27].

In this piece of research, NDVI is utilized for the sake of
deducing LST [28] [29]. It depends on a statistical
correlation between the NDVI obtained from the NIR bands
and the land surface temperature in the TIR bands [30].
Vegetation quantity determines LST by evapo-transpiration
and through a surface to atmosphere latent heat flux. Lower
LST is generally characterizing areas with high NDVI [25].
For that reason, the present research has been conducted for
the purpose of investigating the spatio-temporal pattern of
LST and NDVI in Taif area and study their correlation.

2. Description of Study Area and Data
2.1 Description of Study Area

From geographical point of view, two distinct zones can be
identifies in Saudi Arabia: (i) rainy highlands in the western
and southwestern regions, and (ii): arid and more arid lands
in the interior [31].

The study was undertaken in the Al Taif city that belongs to
the largest governorates of the Mecca province (Al Taif
governorate) with an area about 3209 kmz2. It is located
between latitudes 20°55'19.33"N and 21°4621.21"N, and
longitudes 40°16'34.65"E and 41° 8'20.50"E (Figure 1).

Al Taif governorate is characterized by the variations in
temperature between its parts, where the average of the
temperature in the Najd highland areas in the eastern and
northern parts is about 26°c while decreasing at 20°c in the
mountainous areas of western and southern parts. It is also
characterized by difference in rainfall, where the annual
average in desert regions is about 50 mm, and more than 250
mm in mountainous areas.

Al Taif region is marked by diversity in topography, the
mountains in the South and in the southernwest which is a
part of the Sarawat mountain chains where the dip is very
strong towards the Thihama plains and medium to weak
towards the East which is characterized by plains and the
Najd highland (Figure 2).
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Figure 1: Location map of study area
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Figure 2: The Digital Elevation Model of Al Taif city

2.2 Data: Satellite Imagery

An image of A Landsat 5 TM, acquired in July 2000 and an
image of Landsat 8 OLI_TIRS, acquired in July 2019,
formed the primary data source to deriving LST and NDVI
in the city of Al Taif and also as a basis to analyze the
relationship between these variables. Some metadata are
summarized in Table 1. Landsat 5 TM is found to include
six reflective bands (visible, near-infrared, and short-
wavelength infrared, 30-m spatial resolution), in addition to
one band in the TIR region (Band 6) Table 2. The thermal
band’ native spatial resolution equals 120-m. It is, however,
delivered by USGS at 30-m after the resampling of cubic
convolution. The Landsat 8 OLI_TIRS sensor has nine
reflective bands with 30-m spatial resolution; and two
thermal bands (TIRS) capture data with a minimum of 100-
meter resolution. However, they are registered to and
delivered with the 30-meter OLI data product.
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Table 1: Some Landsat metadata and example metadata

values
Landsat8/
Metadata name Landsat5 TM OLI TIRS
Scene ID LT516904520 |LC81690452019
00195RSA00 183LGNO00
sensor L5 TM OLI TIRS
Acquisition Date 2000-07-13 2019-07-02
path 169 169
Row 45 45
Number of bands 7 11
Upper Left Corner Latitude | 2501700.000 | 2512500.000
Upper Left Corner
Longitude 545100.000 554100.000
Upper Right Corner Latitude | 2501700.000 | 2512500.000
Upper Right Corner | 27250 000 | 780900.000
Longitude
Lower Left Corner Latitude | 2291100.000 | 2280900.000
Lower Left Corner
Longitude 545100.000 554100.000
Lower Right Corner Latitude | 2291100.000 | 2280900.000
Lower Right Corner | 279355 000 | 780900.000
Longitude

Table 2: The information of Landsat 8 OLI_TIRS and
Landsat 5 TM bands (Landsat Project Science Office 2002).

Landsat 8 OLI TIRS
Band Spatial resolution (m)
Band 1 Coastal 30m
Band 2 Blue 30m
Band 3 Green 30m
Band 4 Red 30m
Band 5 NIR 30m
Band 6 SWIR 1 30m
Band 7 SWIR 2 30m
Band 8 Pan 15m
Band 9 Cirrus 30m
Band 10 TIRS 1 100 m
Band 11 TIRS 2 100 m
Landsats TM

Band Spatial resolution (m)
Band 1 Visible 30m
Band 2 Visible 30m
Band 3 Visible 30m
Band 4 Near-Infrared 30m
Band 5 Near-Infrared 30m
Band 6 Thermal 120 m
Band 7 Mid-Infrared 30m

Using USGS website, satellite images of the same region
were downloaded at two different dates. The area chosen for
the study includes bare soil, water, built-up area and
vegetation cover. The nearest neighbor method was used to
resample the images. All data reprojection was completed
using Universal Transverse Mercator (UTM) coordinate
system, with datum WGSB84, and with zone 37 N.

3. Methodology

The methodology comprises of one satellite data-based
calculations and field-based measurements. For deriving
LST and NDVI from satellite data, multi-temporal images
(January 2017 and August 2017) acquired in red, near-
infrared (NIR) and thermal infrared (TIR) bands of Landsat
OLI-TIRS sensors have been used. The digital number (DN)
values of pixels in red and NIR bands have been converted

to top-of-atmospheric reflectance and later into NDVI. In

order to have an estimate of the NDVI temporal variations

over the season, images have been density sliced into two
classes as defined in the study conducted by Gangopadhyay

et al. [32].

1) Non-vegetated Areas: Pixels with NDVI values below
0.1. They include bodies of water, dry river beds,
shadow, barren lands, built-up areas (both residential and
industrial) and additional no-vegetation areas.

2) Moderate to dense vegetation areas: Pixels with NDVI
values above 0.1. They include areas like natural forests
and densely vegetative areas.

DN of the thermal bands has been converted to radiant

temperature and later into LST for whole of southern west of

Al Taif area. Since emissivity, which depends upon surface

characteristics, plays an important role in calculation of

LST, it has been suitably taken into account to refine the

computed LST values. NDVI images have been used to

calculate emissivity in this study.

Radiometric calibration, emissivity and atmospheric

corrections are needed for the LST satellite-derived TIR

measurements [33] [34]. A multiplicity of approaches has
been suggested to derive LST from TIR bands, making use
of a great number of methods for the purpose of calculating
atmospheric effects and emissivity as inputs to the LST

computation model [35] [36] [37] [38] [39] [40] [41] [42]

[43].

Figure 3: shows the approach suggested to estimate LST.

This technique is effective only to process Landsat 8 data. In

this study, bands 4 and 5 are used to calculate NDVI. As for,

brightness temperature it is estimated using band 10.
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Figure 3: The flow chart of steps to derived LST

The following literature details the steps followed in the
work in focus.
a) Calculating radiance images: TM raw digital number

(DN) values have been converted to radiance on the basis

of Chander et al’s formula. [44]:

L= (Lmax—Lmin) DN+Lmin/DNmax
1)
Where L is the spectral radiance received at the sensor;
Lmin and Lmax are the minimum and the maximum spectral
radiance for the sensor respectively; DNmax is the
maximum DN. For TIRS, the formula below is used [45]:
L=MLXDN+AL
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)

Where ML is band specific multiplicative rescaling factor

and AL is the band specific additive rescaling factor from

the metadata.

b) Radiant temperature calculation: The thermal band-
derived radiance images have played a key role in
calculating radiant temperature based on the formula
below [44]:

Tr = K2/In (K1/L +1)
©)

Where Tr = radiant temperature (in Kelvin); K1 and K2 =

pre-launched calibration constants 1 and 2 respectively; L =

spectral radiance.

c) NDVI images creation: NDVI hinges on vegetation
reflectance and has been calculated using data acquired
in Red and NIR band of the Landsat satellite. Bands
which were corrected atmospherically have been utilized
given that their derived NDVI values are more likely to
be representative of the natural surfaces than those
derived from DN values. NDVI images have been
calculated with reference to Rouse et al’s formula. [19]:

NDVI=NIR —Red/NIR + Red
(4)

Where Red and NIR are the spectral reflectance of

vegetation in the red band and the near infrared band

respectively.

d) Emissivity calculation: According to Sobrino et al., [18]
An ASTER spectral library included 49 soil spectra.
They came up with the expression below, so as to derive
LSE from pixels having proportion of both soil and
vegetation:

€= 0.004 Pv +0.986
()

Where Pv = vegetation proportion; NDVI image can be used

to derive PV with reference to Carlson and Ripley’s

equation [46]:

Pv=[NDVI—NDVImin/NDVImax—NDVImin] 2
(6)

Where NDVImax = 0.5 and NDVImin = 0.2. These values

(i.e., 0.2 and 0.5) are used for scenes where bare soil and

vegetation, respectively, can be found. This equation has

been regarded as most suitable in cases of pixels with bare
soil and vegetation; this holds true for the area studied.

e) LST calculation: outputs from (3) and (5) have been then
considered inputs used to find out the LST, based on the
formula below [47]:

LST=Tr/1+ (ATrlp) Ine
()

Where L = central wavelength (in um) of the Landsat

thermal band; p = 1.438 * 10-2 m K.

The derived NDVI and LST images served to investigate the

spatio-temporal pattern.

4. Results and Discussion
4.1 Spatio-Temporal Analysis of NDVI

To arrive at an approximate calculation of the Spatio-
temporal NDVI variations over the Al Taif city, the values
of the NDVI were calculated for two images at two different
times (2000 and 2019).

Making an analysis of the parameters enumerated in the
Table 3 can account for the fact that there is a decrease in
vegetation. The best observation is that the mean and
maximum parameters for NDVI show a significant decrease
between 2000 and 2019.

Table 3: Statistical data of NDVI

Years Minimum | Maximum Mean
2000 -0.12 0.58 0.08
2019 -0.21 0.53 -0.04

Figure 4 show the NDVI for the July 2000 and July 2019. It
can be seen that in two images for year 2000 and 2019 the
maximum values of the NDVI mark the year 2000. The
decrease of the NDVI values at 2019 occur as a response of
vegetation regression and urban expansion as seen on
Figure 5a and Figure 5b that show the composite image of
the July 2000 and July 2019 respectively.
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Figure 4: NDVI for the year 2000 and the year 2019
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Figure 5: a. The composite image of the year 2000; b. The
composite image of the year 2019, UZ: Urban Zone

The values of the highest NDVI (Peak of NDVI) correspond
to the Vegetation Area (high and medium altitudes
rainforests, cropland and Green Park) where the intensity of
green give high reflectance in NIR region and resulting high
NDVI values Figure 6.

The plant communities having the lowest values of NDVI
are located in plateau of Najd (eastern part of Al Taif city),
where plant leaves are very scattered (low intensity of
green), the minimums values of the NDVI characterize also
the urban zone and bare soil Figure 6.

4.2 Spatio-Temporal Analysis of LST

The variation of LST has been studied over two periods:
2000 and 2019. Figure 7 shows the Spatio-temporal
distribution of LST for both periods. The minimum values
of the LST values mark the year 2000, the maximum of the
LST values mark the year 2019 as a response of vegetation
regression and urban expansion as seen on Figure 5.
Parameter “mean” is the most important indicator for
evaluate changing LST for period 2000-2019. As can be
seen in 2000 the value for parameter “mean” was over 38°C.
After 19 years there was an increase in this parameter about
5degree Table 4. Another important indicator would be the
maximum temperature. The difference between 2019 and
2000 is about 4.5 degrees

Table 4: Statistical data of LST

Years Minimum [Maximum Variations Mean |Standard Deviation
2000 | 12.36 44.47 32.11 B8.39 1.92
2019 | 25.12 48.81 23.69 4272 2.36
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Figure 6: NDVI over some profiles: VA= Vegetation Area;
BS= Bare Soil; UZ = Urban Zone
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Figure 8: LST over divers profiles: VA= Vegetation Area;
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Figure 7: Spatio-temporal variation of LST for the year

2000 and the year 2019

An analysis of LST maps shows the high temperature areas
in red and correspond to plateau of Najd, open surfaces or
barren hill slopes, built-up areas, bare soil (Figure 8) and
dried river beds (Figure 9). Whereas the cooler areas are
depicted in green and correspond to vegetation area,
cropland and water bodies (Figure 8, Figure 10). This is the

result of solar energy dissipation by absorbing surrounding

heat and leaves’ evaporation process.
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Figure 9:

LST over dried river beds and vegetation profile
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4.3 Correlation between NDVI and LST

In order to more accurately understand the patterns of NDVI
and LST, ERDAS image processing software was used to
help simultaneously display the NDVI and LST images of
Al Taif city. Figures 4 and Figure 7 informatively and
visually depicts the wurban thermal environment and
vegetation cover spatial patters within Al Taif city. In Al
Taif LST image (Figures 4), the urban center LST is higher
than that of the suburb. Obviously, higher temperature is
associated with urban buildings, where non-porous materials
are used, asphalt, metal, and concrete being just a few
examples (Lo et al. 1997). In contrast, temperature of,
cropland, park, water bodies, and green land is found to be
lower. The values, as shown in the NDVI image Figure 7,
are the opposite. High values of NDVI are detected within
the cropland, park and green land areas; Clearly, the
relatively high levels of green biomass has played a key role
in this result.

In order for the variance of LST and NDVI to be disclosed
in different places at different times, LST and NDVI pixel
values are derived on the basis of some profiles (P1, P2, P3)
in (Figure 11, Figure 12 and Figure 13). It is shown in all
profiles that the LST peaks are usually located in Urban
Zone, Bare Soil and dried rivers beds. The troughs, however,
are mostly found in the waters (rivers) and green lands
(parks, cropland). The NDVI peaks are found at urban green
land, park and cropland. Overall, LST and NDVI are
inversely correlated. The LST and NDVI’ changing trends
are, on the other hand, closely related to Al Taif city’s urban
sprawl and urban shape.

On the whole, there was an accurate fit in the NDVI-LST
regression. While higher R? values were observed in P1 and
P3 (0.7) at 2000, lower values were observed in P2 at 2000
and in P1 at 2019. The highest R? was 0.78 and was
observed on P1 at 2000 and the lowest one was 0.52 (P2 at
2000). The relationship between both variables is also
demonstrated by Pearson and Spearman correlation
coefficients. In all cases, the Pearson indices were higher
than -0.7, ranging from 0.72 to 0.88 (Table 5).

Figure 11: Correlation between NDVI and LST in profile
P1(VA= Vegetation Area; BS= Bare Soil)

Figure 12: Correlation between NDVI and LST in profile
P2 (VA= Vegetation Area; UZ = Urban Zone)
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Figure 13: Correlation between NDVI and LST in profile P3
(VA= Vegetation Area; DRB= Dried Rivers Bed)

Table 5: NDVI-LST relationship

5. Conclusion

This study has investigated vegetation the cover and Land
Surface Temperature relationship in the city of Al Taif. An
integrated approach of remote sensing has been successfully
employed for determining NDVI and LST changes using
satellite images. Our work has led us to conclude that, in
highly vegetated areas, the correlation between the LST
trend and the NDVI indicates that the LST trend decreases.
The LST trend, however, increases over the desert areas (0 <
NDVI < 0.1), showing a more considerable increase of
temperature. The decrease in the vegetation is accompanied
with the rise in minimum and maximum LST of the area.
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