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ABSTRACT

An important result of anthropogenic activities inside and outside of a forest ecosystem is the
destruction of vegetation. These changes can easily be seen and estimated with aid of satellite
imagery, remote sensing and geographic information system (GIS) technology. Tasselled cap
indices offer a more thorough representation of many geographical features, including
vegetation, water, and bare terrain. The Landsat multi-spectral scanner (MSS) has undergone
considerable upscales to work with contemporary sensors. Landsat-8's operational land imager
(OLI) sensor was installed on the satellite on December 4, 2021. Software ArcGIS 10.8 and
QGIS 3.8 were utilized to conduct the analysis. Maps for the land use land cover, land surface
temperature (LST), Normalized Difference Vegetation Index (NDVI), and tasselled cap
transformation (TCT) of the Old Oyo National Park were created as a result of the image
analysis procedure. This study investigated how the tasselled cap transformation indices and land
surface temperature are related to one another. Maps of the study area's NDVI, Tasseled Cap
Transformation (TCT), and land surface temperature were produced using the image analysis
procedure. The analysis indicates that the study area's land surface temperature (LST) ranges
from 19.47 to 33.15 °C. It was discovered that the land surface temperature and the brightness
index had a significant positive correlation (r = 0.95). Conversely, there was a relatively strong
inverse relationship (r = -0.78) between LST and greenness index.

Keywords: Tasselled Cap Transformation, Greenness coefficient, Brightness coefficient,
Wetness

Introduction Remote sensing data and geographic
information systems (GIS) are becoming
more and more effective in extracting
biophysical components, tracking dynamic
changes in LULC, and mapping forest
ecosystems (Bhagyanagar et al, 2012;
Kimuku et al., 2017; Firozjaei et al., 2019).
Numerous studies have been conducted on the

Various paths have demonstrated that changes
in land use land cover (LULC) have a
significant impact on the climate. These
pathways are discovered to alter the surface
energy balance, which then impacts the land
surface temperature (LST), causing changes
in the area's microclimate (Jain et al., 2017,

. lationship ~ between =~ Land  Surface
Wang et al., 2018; Gogoi et al., 2019). LST = ¢ )
remote sensing modelling provides a range of Temperature (LST) and LULC’ and it has
applications. The use of this technique in been found that one of the main consequences

thermal environmental investigations has of LU.L C changes, . pe.trtlcularly n
therefore increased quickly (Liu ef al., 2018: metropolitan areas, is a rise in land surface
Wang et al., 2018).
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temperatures (LST) (Pal and Ziaul, 2017;
Aboelnour and Engel, 2018).

This study is unique in the sense that it is
focusing on LST variability in relations to
tasselled cap transformation derivatives. This
explains the importance of remote sensing
and GIS as an apparent and preferred
alternative when compared to the expensive
and time-consuming conventional methods
(Jeevalakshmi et. al., 2017). The Normalized
Difference Vegetation Index (NDVI), the
LST, and the tasselled cap indices were
examined using linear regression (Balcik and
Ergene 2016; Guha et al., 2018; Ferrelli et al.,
2018; Mohammad et al., 2019). For instance,
Mohammad et al., (2019) in their study using
the Tasselled cap indices, showed the
regression results (LST-NDVI, R* = 0.65;
LST-Brightness, R* = 0.65 and LST-Wetness,
R” = 0.53) between LST and the Tasselled cap
transformations.  Therefore, phenological
dynamics can be inferred from changes in
vegetation and tasselled cap indices. A
popular vegetation index that aids in
understanding the relative biomass in a given
area is the Normalized Difference Vegetation
Index (NDVI). The single-band dataset that
solely displays vegetation is provided as the
derived output of the NDVI technique. The
NDVI value ranges from -1 to +1. Rock and
bare soil are represented by values closer to
zero while vegetation is represented by values
greater than +0.1. Vegetation becomes
greener as the positive NDVI value rises.
When compared to other sources of satellite
imagery, Landsat satellite imagery has a
strong archival advantage and offers lengthy
time-series data for regional application
studies (Muhammad et al., 2014).

The most important variable in determining a
location's hottest and lowest temperatures is
LST. Land cover or vegetation mapping at the
regional and local scale is ideal for data with a
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medium spatial resolution, such as that from
the LANDSAT. The Operational Land Imager
(OLI) and the Thermal Infrared Sensor are the
two instruments that LANDSAT 8 carries
(TIRS). Eight bands in the visible, near-
infrared, and shortwave infrared areas of the
electromagnetic spectrum are used by OLI to
collect data at a spatial resolution of 30m. An
extra panchromatic band with a spatial
resolution of 15m is also collected by OLI.
Two bands located in the atmospheric
window between 10 and 12 m are used by
TIRS to detect the TIR radiance with a spatial
precision of 100 m. (Anandababu et al.,
2018).

Researchers who had a spatial reference in
meteorology typically use remote sensing data
since they are fundamentally inexpensive and
readily available (Karnieli et al., 2010). The
shape that resulted from the graphical
distribution of plotted data gave rise to the
moniker "Tasselled Cap" (Kauth and Thomas,
1976). It creates composite values out of the
readings from several channels. One of these
weighted sums generally calculates the
brightness of each pixel in the image, while
another composite calculates the pixels'
degree of greenness and another one may
calculate the vegetation's degree of
yellowness or the soil's degree of moisture
(Kauth and Thomas, 1976). The purpose of
this study is to investigate the correlation
between land surface temperature and
tasselled cap indicators.

Materials and Methods

Old Oyo National Park (OONP) is located
between latitudes &710° and 9°05'N and
longitudes 335" and 4 20'E (Figure 1). It has
a total land mass of 261,345 ha, making it the

fourth largest park in Nigeria (Mengistu and
Salami, 2007). It is bordered in the North by
Kwara State, in the South by Ikoyi while in



the western part is bordered by towns such as
Igbope and Sepeteri. The adjoining
communities are Igbeti, Balelayo, Oloka,
Igboho, Abaja and Gboguro. The vegetation
of the park has been classified as Southern
Guinea Savanna. However, more studies
classified the Southern portion of the
vegetation as Forest savanna Mosaics with
wooded savanna containing a relic of the
moist  semi-deciduous  forest, grading
northwards into drier mixed leguminous
wooded Savanna with a continuous lower
stratum of perennial grasses (Okosodo ef al.,
2016).
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Topographically, it lies on a lowland between
330m and 508m above sea level, underpinned
by the basement complex rocks. There are
three watersheds in Old Oyo National Park:
River Ogun and its numerous tributaries,
River Tessi and its tributaries and River Iwa
and its tributaries. Ogun River flows
southwards to the Atlantic Ocean. Several
tributaries notably Oopo, Iwawa, Oowe and
Owu flow southwestwards and
southeastwards to join it before its exit from
the park. The Tessi River and Iwa River flow
northwards to the River Niger. Three main
tributaries including River Soro join it before
it exits from the park. (Okosodo et al., 2016).
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Figure 1: Location map of the study area (Old Oyo National Park)

The major data source for this research is
Landsat 8 Operational Land Imager
(OLI)/Thermal Infrared Sensor (TIRS) of
December 4™ 2021, which was obtained from
the United States Geological Survey (USGS)
website at https://earthexplorer.usgs.gov. The
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choice of the date is predicated on the need
for a dry season data in order to minimize the
effects of precipitation, and the availability of
cloud-free Landsat data for flawless analysis.
ArcGIS Spatial Analyst (version 10.8.2) and
QGIS 3.16.3 were used for image processing.



Table 1 displays the attributes of the Landsat
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tasselled cap transformation equation to

8 image. Band 2 (blue), Band 3 (green), Band calculate the brightness, greenness, and
4 (red), Band 5 (NIR), Band 6 (SWI and R1), wetness components
and Band 7 (SWIR2) were used in the
. Table 1: Properties of Landsat 8 (OLI & TIRS) image
Band Name Wavelength Resolution
(micrometres)
Band 1  Coastal aerosol 0.43-0.45 30
Band2  Blue 0.45-0.51 30
Band3  Green 0.53-0.59 30
Band4  Red 0.64 - 0.67 30
Band 5  Near Infrared (NIR) 0.85-0.88 30
Band6 SWIR 1 1.57 - 1.65 30
Band7 SWIR 2 2.11-2.29 30
Band 8  Panchromatic 0.50 - 0.68 15
Band 9  Cirrus 1.36 - 1.38 30
Band 10 Thermal Infrared (TIRS) 1 10.60 - 11.19 100
Band 11 Thermal Infrared (TIRS)2 11.50 - 12.51 100
Image Pre-processing pA= TOA planetary reflectance, without

The Landsat 8 satellite image data that served
as the research data had radiometric
corrections applied during the pre-processing
stage. To improve the accuracy of the
information obtained from satellite image
data, radiometric corrections are used to
correct and eliminate surface reflection
inaccuracies, sunlight direction,
meteorological conditions, air disturbances,
and other factors (Main et al., 2011). The
analysis of multi-temporal and multi-sensory
data for analyzing and spotting ongoing
changes is another application of the
correction (Kustiyo et al., 2014). The satellite
image was preprocessed by converting the
image's metadata file's reflectance rescaling
coefficients to Top of Atmosphere (TOA)
planetary reflectance values. To transform
Digital Numbers (DN) into TOA, utilize
Equation 1.

21 :Mp chn!"‘A.ﬂ 1
Where,
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correction for solar angle.

Mp= Band-specific multiplicative rescaling
factor

Ap = Band-specific additive rescaling factor
Q cal = pixel values (DN).

Correcting the Reflectance value with the
Sun angle

Since the Sun angle at the moment of image
acquisition was not taken into account, TOA
reflectance values were not calibrated as a
result. To adjust the reflectance values based
on the angle of the Sun, the following
equation was utilized.

A
P corrected = P /5111 g 5E 2

Where,

PA corrected = reflectance values after sun
angle correction

pA = TOA planetary reflectance

OSE = Local sun elevation angle (sun angle).

Land-Use/Land-Cover Map Preparation



The procedure of classifying images was done
using a supervised classification system.
Using a Maximum Likelihood classifier,
training sets were chosen for picture
classification. To identify each class, 120
spectral signatures from the study image were
gathered and combined. The land-use/land-
cover types were divided into five classes
using image classification, including thick
forest, Light Forest, Shrubs, and Waterbody.

Land Surface Temperature (LST)

Conversion to  at-satellite  Brightness
Temperature (Th)

Before being converted to top-of-the-
atmosphere (TOA) radiance, the digital

numbers of the thermal band were calibrated
to reduce the noise brought on by particles,
water vapour, etc (Equation 3)

H = ML- » B arad lﬂﬂh.' =+ AL
3

Where,

R is TOA radiance (watts/ (meter squared *
ster * um),

ML and AL were also obtained from the
header file of the Landsat 8 image.

Thereafter, the radiance (R) image of the
Landsat sensor was converted to at-satellite
brightness temperature (Equation 4).

T, =——2

B inik, /R)+1 4
Where
Ty, is at-satellite brightness temperature or
black body temperature,
R is radiance while K; (watts/meter squared *
ster * um)

K; and K, (kelvin) are constants which are
774.89 and 1321.08 respectively.

In the image header file, the K1 and K2
constants for Landsat sensors are listed. Tb is

www.jfrm.org.ng
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not the actual surface temperature, as
numerous authors have noted, because of air
interference and differences in land cover (Hu
and Jia, 2010). The noise in this investigation
was eliminated using the single-channel
atmospheric correction method developed by
Sobrino et al., 2004.

Determination of surface emissivity (¢)

Surface emissivity (¢) on ground surfaces
varies with land coverings (Sun, 2017). In
urban settings, vegetated surfaces outperform
non-vegetated regions in terms of thermal
holding capacity and cooling benefits. Now,
the Proportion of Vegetation (Pv), which
evaluates the significance of vegetation in
each pixel of the satellite pictures, is
estimated using the Normalized Difference
Vegetation Index (NDVI) Equations 5 and 6
allow for the computation of these.

NIR-RED

NIR+RED

NDVI =
5

p — L NDVI—NDVIgin ]2
v NOVigpy —NEVImin
6

Where,

NDVI,., and NDVI,_ . were the maximum
and minimum values obtained from the
derived vegetation index image (Sobrino,

2008).

Using the formula developed by Sobrino et
al., (2004) in Equation 7, the relationships
between and the proportion of vegetation (Pv)
are measured on a variety of ground surfaces
based on the extracted NDVI from Landsat.

0.979 — 0.035Red
£=1{ 0.986 + 0.004F,
0.99
7

NDVI =

min —

NDVI << NDVI

min

NDVI < NDVI___
NDVI > NDVI,___



Where
¢ is the surface emissivity image and Red is
the surface reflectance of the Red band.

Conversion  of
temperature to LST

at-satellite  brightness

Finally, the brightness temperature picture
was transformed into Land  Surface
Temperature (LST) using the Planks equation
as specified in Equation 8 using the predicted
land surface emissivity for the Landsat 8
image (Weng et al., 2004)

T

LST I T o i oot =
KELWIN 1+{A+Ty/pleln 5

Where

A is the wavelength of radiation emitted in
Landsat 8

pish * c/o,

o is the Stefan Boltzmann’s constant,

h is Plank’s constant,

C is the velocity of light,

€ = surface emissivity image

Conversion of LST from Kelvin to Degrees
Celsius

Using the relation of °C equals 273.15 K, the
above-derived LSTs' unit was converted to

degrees Celsius for ease of comprehension
(Pal and Ziaul, 2016).

NDVI map derivation

Red and near-infrared (NIR) reflectance
measurements were used to generate the
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uses Band 5 (for Landsat 8) and Band 4 to
represent the NDVI (For Landsat 8).

NIR—-RED
NIR+RED

NDVI =
9

Deriving Tasselled Cap Indices

The tasselled cap indices indicate each pixel's
Greenness, Brightness, and Wetness. A linear
combination of Landsat bands is used (From
band 2 to band 7). The following equation
was used to determine tasselled cap indices.
Brightness is affected by the same physical
factors that affect total reflectance. The
attribute of healthy green vegetation—high
chlorophyll absorption in the visible bands
and high leaf structure reflectance in the near-
infrared band responds to the colour green.
The quantity of moisture that the soil or
vegetation can hold affects the brightness,
moisture, and greenery of the forest. Table 2
provides the required coefficient for use in
transform equation 10 after components were
determined using that equation.

Tas cap i = (coeff: * band2) + (coeff; *
band3) + (coeffs * band4) + (coeffs * bandS5)
+(coeffs* band6) + (coeffz * band7)
10

Where,
Tas cap 1 = Calculated tasselled cap index
(Greenness, Brightness or Wetness)

Coeff = Corresponding co-efficient values for
each band

Normalized Difference Vegetation Index Band - Preprocessed bands®
(NDVI) (Liu and Zhang, 2011). Equation 9
Table 2: Coefficient values of TCT for Landsat 8 (OLI) bands (Muhammad et al., 2014)
Components  Band-2 Band-3 Band-4 Band-5 Band-6 Band-7
Blue Green Red NIR SWINR-1 SWINR-2
Brightness 0.3037 0.2793 0.4743 0.5585 0.5082 0.1863
Greenness -0.2848 -0.2435 -0.5436 0.7243 0.0840 -0.1800
Wetness 0.1509 0.1973 0.3279 0.3406 -0.7112 -0.4572
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Regression Analysis

The System for Automated Geoscientific
Analyses (SAGA) GIS software was used to
calculate the regression equation between
LST and NDVI, Brightness, Greenness, and
Wetness. The three tasselled cap indices,
along with all of the pixels of LST and NDVI,
were used in the regression analysis because it
has been shown that vegetative health has a
significant impact on LST. LST remained the
dependent variable while the NDVI and
tasselled cap indices were considered
independent factors (Zhang et al., 2010). In
the vast majority of examinations, it has been
discovered that the LST and NDVI do not
correlate well.

www.jfrm.org.ng
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Results and Discussion
Relationship between LULC class and LST

The Tessi Range and Sepeteri Range of the
park include the majority of the thick forest
class, according to the LULC map of the
research area (Figure 2). In the other ranges,
the light woodland and bushes predominate
greatly. These LULC classes represent total
area extents for the heavy forest, light forest,
shrubs, and water body are 136633.05 ha,
114289.74 ha, 10091.79 ha, and 330.66 ha,
respectively (Table 3). The same table
displays the LST mean temperature values for
each class. For dense woodland, light forest,
bushes, and water bodies, they are 24.69°C,
23.99°C, 25.42°C, and 21.23°C, respectively.
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Figure 2: Land use land cover (LULC) of the study area

The shrubs LULC class has the highest
temperature (25.42°C). This can be attributed
to the lack of dense canopy trees that could
potentially moderate radiation. In the Oyo-ile
Range and Tede Range, this class
predominates greatly (Figure 2). The aquatic
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body registered the lowest temperature
(21.23°C). The LST distribution in the
research area was further depicted in Figure 3.
The analyses' findings concur with those of
other studies that have examined the rise in
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LST brought on by LULC changes (Pal and  Ziaul 2016; Gogoi et al., 2019).
Table 3: Statistics of both LULC and the LST of the study area.

LULC Statistics Corresponding Land Surface Temperature Derivatives
LULC Class Area(Ha) Area(%) MIM MAX MEAN  STD
Thick Forest 136633.05 52.28 19.51 29.82 24.69 1.48
Light Forest 114289.74 43.73 19.49 31.77 23.99 1.79
Shrubs 10091.79  3.86 20.23 33.15 25.42 2.64
Water Body  330.66 0.13 20.91 22.22 21.23 0.14

e Compactment
LST_Celsius.tif

o 19.47 - 22 37

22 37 - 23.92

23,92 - 25.21

N 25.21 - 26.49

e 22 Zkm BN 26.49 - 33.15

Figure 3. Geographical distribution of land surface temperature

The study area's Land Surface Temperature found, with values less than 22.37 °C. Oyo-ile
(LST) is between 19.47 and 33.15 °C. (Figure =~ Range, Tessi Range and Sepeteri Range had
3). Tede Range is where the lowest LSTs are the highest temperatures (26.49 to 33.15°C).
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Figure 4: Maps of (a) NDVI (b) Brightness (c) Greenness and (d) Wetness of the study area.

Relationship between LST and NDVI,
Brightness, Greenness and Wetness.

The values of the NDVI range from -0.45 to
0.91. (Figure 4). The Tessi Range and
Sepetari Range axis of the research region

26

includes the majority of the highest NDVI

values.

It supports the classification by

demonstrating how heavily represented the
thematic classes of thick and light forests are
in these two ranges.
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Figure 5: The results of regression analysis between LST and (a) Brightness (b) Greenness (c)
NDVI (d) Wetness at the Old Oyo National Park (OONP)

Figure 5a shows a significant positive
connection (r 0.95) between surface
temperature and brightness index. The study
area's upper and middle portions experience
some of the greatest temperatures, in part due
to the highest brightness index values.
Brightness among the tasselled cap indices
takes into account topographic changes, bare
or partially covered soil, and natural and road
characteristics (Eva et al., 2007). The
relationship between surface temperature and
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the greenness index is quite inverse (r = -0.78;
Figure 5b). However, generally speaking,
places with a lot of greenery will have cooler
surface temperatures.

The Normalized Difference Vegetation Index,
gauges the density and vitality of vegetation
at the surface. It was determined through
correlation analysis that there was a high
negative relationship (r = -0.78; Figure 5b)
between LST and NDVI. The substantial
negative correlation of NDVI with LST
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implies that good green vegetation decreases
surface temperature. The spatial distribution
of surface temperature in the study area and
the wetness factor, which measures the
quantity of soil moisture, agree well. There is
a very high inverse correlation between LST
and wetness index (Figure 5d, r = -0.94). This
implies that the LST will drop as the wetness
index rises. For instance, the LST in the
southern region of the research area (Tede
Range) with a predominance of wetness
ranges from 19.47 to 22.37 °C. (Figure 3).

Conclusion

The Old Oyo National Park's LST
relationship, tasselled cap indices, and NDVI
study revealed that temperatures there vary
from 19 to 33 °C. Due to the inverse link
between LST and NDVI, heavy vegetation
conditions can alter the forest's thermal
properties. Because high vegetation absorbs
heat energy emitted by surface features,
surface temperatures are recorded at lower
levels. While tasselled cap indices offer more
spectral details regarding the land use and
land cover of the research area, an in-depth
description of vegetation health and land
cover was further explained using NDVI
maps. However, the greenness index can offer
far more proof to support the assessment of
the state of the vegetation in a specific area
established using NDVI measurement
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