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ABSTRACT:

The rapid urban expansion in Abuja, Nigeria, has resulted in the replacement of land surface previously occupied by natural vegetation
with various impermeable materials. This study examines the impact of the spatial distribution of impervious surfaces (IS) on land
surface temperature (LST) in the study area using both graphical and quantitative approach. A Normalized Difference Impervious
Surface Index (NDISI) was adopted to estimate IS and LST from Landsat ETM+ and OLI/TIRS satellite images (path: 189, row: 54)
of Abuja for 4 distinct epochs of 2004, 2008, 2014 and 2018. In order to analyze the effect of IS on LST, the relationship between the
normalized difference indices and LST, for each epoch, were determined using regression and correlation analyses. Results show the
spatial patterns of impervious surfaces as distributed over Abuja, Nigeria and its impact on LST dynamics. It was observed that mean
surface temperature increased by at least 2°C every 4 years. Furthermore, results of the correlation analysis between NDISI and LST
reveal that there exist varying positive correlations between the two variables in with correlation coefficients; R = 0.511, 0.166, 0.505,
0.785 in 2004,2008, 2014 and 2018 respectively, suggesting that impervious surfaces areas accelerate LST rise and Urban Heat Island
(UHI) formation. This study gives great insight on the concept of impervious surfaces and its spatial pattern in Abuja city, Nigeria. The
study recommends the widespread use of highly reflective or natural surfaces for rooftops, pavements and roads and that afforestation

should be encouraged to increase green areas.

1. INTRODUCTION

An important parameter employed in the assessment of the
environment is the land surface temperature (LST), which is
usually heavily influenced by surface structures. Rapid
urbanization results in the replacement of natural land surfaces
covered by vegetation, by various impervious features
(Meiyappan and Jain, 2012). This urbanization in turn results in
land cover types being converted from permeable surfaces to
Impervious Surfaces (IS), arising as a consequence of
anthropogenic activities. About 40% of the earth’s surface is
influenced by anthropogenic activities and impervious surfaces
are gradually replacing the natural vegetation-dominated
landscapes (Sterling and Ducharne, 2008). Qin, Jianhua (2014)
noted that urban IS as a land cover type, have higher absorption
of solar radiation, high thermal conductivity, and the ability to
release heat stored during the day and night. Thus, IS have a
warming effect on urban LST. This has a significant impact on
the environment due to modification of heat energy balance.
Impervious surface area has been used as a key environmental
indicator over the years. The quality and availability of water
quality can be reduced by IS areas, hence, leading to greater soil
dryness and higher air temperatures. (Wu et al., 2014; Hua et al.,
2020).

Several techniques have been created and utilized to extract IS
area from remotely-sensed images with varying spatial
resolutions and also to assess their dynamics. Three major
algorithms have been used to extract IS from remote sensing
images namely: spectral unmixing techniques, machine learning
methods and spectral index (SI) methods. The machine learning
methods include artificial neural networks (ANNSs) (Voorde,
Roeck & Canters, 2009), support vector machines (SVMs)
(Okujeni, Linden & Hostert, 2015), decision tree classification

(DTC), classification and regression tree (CART) analysis (Xian
and Crane, 2006), and regression modeling (Mohapatra, Wu,
2010). Meanwhile, amongst these techniques, spectral indices
have been found, to measure the biophysical properties of the
earth’s surface. These include the impervious surface area index
(Carlson and Arthur, 2000), the normalized difference
impervious surface index (NDISI) (Xu, 2010), the biophysical
composition index (BCI) (Deng, Wu, 2012; Meng et al., 2018),
the modified NDISI (Liu et al., 2013), and the combinational
built-up index (CBI) (Sun et al., 2016). This study made use of
the NDISI to estimate the IS areas as it can efficiently enhance
and extract impervious surfaces from satellite imagery, and the
real proportion of IS can be represented.

The city of Abuja is currently experiencing rapid urbanization,
hence, there is a rise in anthropogenic activities such as
construction of roads, pavements, residential areas etc., all
comprising of highly impervious surfaces. This increases the
urban mean surface temperature over time (Adeyeri et al. 2015;
Isioye, lkwueze, Akomolafe, 2020). This concern is noticed in
the formation of urban heat island, facilitated by IS. In Nigerian
urban areas however, the effect of IS structure, its components,
and its spatial distribution on LST has rarely been quantitatively
studied. Therefore, analyzing the relationship between 1S and
LST is imperative in recognizing, controlling and mitigating the
environmental impacts of urban heat islands in human-dominated
landscapes, and planning the city of Abuja. This study examines
the impact of the spatial distributions of IS on LST in the study
area for a 14-year period from 2004 to 2018, using both graphical
and quantitative approach; with a view to investigate the impact
of IS on the urban heat environment.
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2. STUDY AREA

The study area is the Federal Capital Territory (FCT) of Nigeria,
popularly known as Abuja city. It is located in central Nigeria
between latitudes 8°25°N and 9°25°N and Longitudes 6°45°E and
7°45°E, covering a land area of about 8,000 km?. As at April
2020, the population of Abuja is estimated to be 2,996,670
people, based on worldometer elaboration of the latest United
Nations data (Humanitarian Data Exchange, 2020). The city has
a tropical wet and dry climate with an annual mean temperature
ranging between 25.8°C and 30.2°C. The annual rainfall is about
1,631.7mm between April and October yearly (Balogun, 2001).
A map of the study area is shown in the Figure 1.
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Figure 1. The location of the study area

The elevation of Abuja, located at about 840m above mean sea
level, coupled with its undulating terrain, act as a regulating
influence on the city’s weather. Over time, Abuja has
experienced a massive migration of people from the rural to the
urban centres, which consequently has led to the creation of
satellite towns to which the city is expanding. As a result, more
vegetative coverings are being transformed into urban structures,
thus, leading to a change in the micro-climate and UHI
development.

3. METHODS
3.1 Data Acquisition and Correction

The data utilized in this study are remotely sensed satellite
images. These include cloud free Landsat ETM+ and Landsat
OLI/TIRS images of the study area for the years 2004, 2008,
2014 and 2018. These were obtained from the United States
Geological Survey (USGS) website. The data are shown
summarily in Table 1.

Satellite/ Path/Row Acquisition Spatigl Cloud
Sensor date resolution  cover
Landsat 189/54 18/01/2004 30m 0%
ETM+ 14/02/2008
Landsat 189/54 06/02/2014 30m 0%

OLI/TIRS 01/02/2018

Table 1. Characteristics of satellite data used

The images were subjected to geometric and radiometric
corrections to correct for sensor and platform-specific distortions
due to variations in scene illumination and viewing geometry,
atmospheric  conditions, and sensor noise and response
(Lillesand, Kiefer, 2004). With the corrections, the image pixels
were converted from digital number (DN) to at-satellite
reflectance. Furthermore, Landsat ETM+ Images defected with

the scan line error were also corrected using the Landsat gap fill
extension available in the ENVI 5.3 software.

3.2 Retrieval of the Land Surface Temperature (LST)

The thermal infrared bands of the Landsat ETM+ and OLI/TIRS
images were used to estimate the LST in the study area as
follows. First, the thermal bands were converted to spectral
radiance and subsequently to at satellite brightness temperature
as follows:

Ly =M, xQCal + A, @
where  Li = at sensor spectral radiance in Watt/(m?srum)
ML = the band-specific multiplicative rescaling factor
as seen in the accompanying metadata file
QCal = the standard product pixel value (DN)

AL = the band-specific additive rescaling factor from
the metadata

The spectral radiance converted from pixel DN values above was
then used to compute Top of Atmosphere (TOA) brightness
temperature (Ts) as follows.

K

ln(L/1 + 1)

Ts = the effective at-satellite temperature
K1 and K2 are constants, seen in the accompanying
metadata of Landsat images.

TB:

Where

Ts refers to a black body that is very distinct from the features of
actual objects. Therefore, to compute LST, a correction for
spectral emissivity (g) as to be applied to Ts. The emissivity-
corrected LST (in Celsius) was computed as follows.

T
[1+ (2% %) o)

LST(°C) = —273.15 3)

where A = the emitted radiance’s wavelength
p=hx(c/s) = 1.4388 x 1072m K = 14388 um K
h = Plank’s constant (6.626 x 1034Js)

s = Boltzmann constant (1.38 x 10723J/K)

¢ = velocity of light = 2,998 x 108m/s.

¢ = the surface emissivity

In this study, the NDVI threshold method was used to obtain land
surface emissivity (Sobrino et al., 2004; Lia et al. 2013). For
obtaining the results in Celsius, the radiant temperature is revised
by adding the absolute zero (approx. -273.15°C).

3.3 Derivation of Normalized Difference Vegetation Index
(NDVI)

The Normalized Difference Vegetation Index (NDVI) is
calculated from the visible red and near infrared bands. The
rationale of the index is that healthy vegetation has a high
reflectance in the near infrared (NIR) and a low reflectance in the
red, thereby enhancing the interpretation of vegetation cover
while suppressing subtle noise from other land cover types. The
formula used to derive NDV1 is shown in equation (4).

NDVI = NIR — RED @
" NIR + RED
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where  NIR = the reflectance in the near-infrared portion of
the electromagnetic spectrum (NIR band)
RED = visible red portion of electromagnetic

spectrum (red band).

In this study, the NDVI water calculated for two fundamental
reasons, i.e., understanding the city’s vegetation pattern and
extracting emissivity values.

3.4 Retrieval of Impervious Surfaces (IS)

The index-based technique was adopted in this study to map out
the IS of Abuja. The thermal infrared (TIR), near-infrared (NIR),
mid-infrared (MIR) and the visible (VIS) bands of the Landsat
images were used to estimate the NDISI; depicting IS for each
epoch, with values ranging from -1 to +1. The NDISI is given by
the following expression (Xu, 2010).

\DIS| - TIR-[(VIS; - NIR-MIR; ) / 3] ©)
TIR +[(VIS; ~ NIR - MIR; ) / 3]

NIR = near-infrared band and

MIR1 = mid-infrared band (also referred to as the
short-wave infrared)

VI1S1 = any of the visible bands such as bands
1,2 or30of ETM+

where

The sum is divided by 3 so as to avoid a too minute value of the
index. IS are characterized by high thermal emission, so the index
takes advantage of this as well as its reduced reflection in MIR,

2004 2008

NIR and VIR bands respectively than in soil, vegetation and
water (Xu, 2013). The NDISI can therefore isolate impervious
features from non-impervious ones such as soil, water, and
vegetation (Liu et al., 2010; Xu, 2010).

3.5 Statistical Analyses

In this study, regression and correlation analyses were used to
examine and analyze the impact of IS on urban surface
temperature in Abuja city, so as to check the relationship between
LST and the variables that the IS features comprise. This was
achieved by examining its quantitative relationship with LST and
vegetation represented by the NDVI. 150 sample points within
the study area were selected for the statistical analysis. The points
were distributed across conspicuous impervious surface features
such as built-up area, pavements, bare surfaces, vegetation and
water. The values of IS, LST and NDVI were extracted for each
sample point for each epoch under study i.e. 2004, 2008, 2014
and 2018.

4. RESULTS
4.1 Spatial Patterns of the LST

The remote sensing technique of surface temperature estimation
does not only give a quantitative measure of the scale of surface
temperature of an entire expanse, but also provides the extent of
the surface heat island impacts. The spatial distribution of the
derived LST for the four study periods between 2004 and 2018
for Abuja city is shown in Figure 2.

2018

Kikamesers

Figure 2. Spatial distribution of the LST in the year 2004, 2008, 2014 and 2018.

The LST within the city center obviously shows higher day-time
surface temperature in the northern region than the southern
region of the city, presenting pronounced surface urban heat
island effect. Figure 3 depicts a graphical summary of the
temperature variation revealing its maximum and minimum
temperature for all years respectively.
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Figure 3. Summary of the LST trend between 2004 and 2018

The minimum to maximum ranges of the annual mean surface
temperature in Abuja are 27.87°C, 25.56°C, 30.59°C, 28.53°C
for 2004, 2008, 2014 and 2018 respectively (Figure 3). Results
also show a gradual increase in mean surface temperature by at

2008

least 2°C over the years within the study period, with a total
average increase of 6°C between 2004 and 2018. This is evident
in the rising slope of the mean temperature plot in Figure 3.
Highest temperatures were observed in the regions where rapid
urbanization is taking place, giving rise to more anthropogenic
activities, as compared to the surrounding semi-urban areas
mostly in the south of Abuja.

Adeyeri et al. (2015) and Isioye et al. (2020) also reported a
consistent high UHI intensity in the northern part of Abuja city,
compared to the downtown area. From the results obtained, it is
observed that, a large portion of Abuja city experiences
maximum LST of over 40°C in the study period. The high
temperatures are detected in large commercial and residential
areas due to influx of people and the possible air heating impacts
of gases emitted from vehicles, building cooling systems and
reflection or absorbance of roofing sheets.

4.2 Spatial Patterns of Vegetation

NDVI measures the density of the vegetative cover an area and
tends to reduce with increase in the alteration of natural surfaces
and replacing them with impervious surfaces (Adebayo et al.,
2017). The spatial patterns of vegetation within the study area
was investigated using the NDVI. Figure 4 shows the NDVI in
Abuja city between 2004 and 2018.
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Figure 4. Spatial distribution of the NDVI in 2004, 2008, 2014 and 2018.

NDVI maps generated for the study area show that areas with
highest NDVI values are sparse vegetation having values
between 0.2 to 0.5. The high NDVI values indicate abundance of
vegetative cover as compared to areas with low NDVI values.
Avreas of high vegetation are mostly cultivated lands, grasslands
and other undeveloped natural surfaces while areas with the least
vegetation are the built-up urban areas, bare soil, water and rocks.

4.3 Spatial patterns of Impervious Surfaces (IS)

IS not only specifies the degree of urbanization, as a vital urban
land cover feature, but it is also a significant influence to the

impacts of urbanization in the environment (Arnold and Gibbons,
1996). Results show the spatial patterns of IS as distributed over
Abuja, Nigeria, incorporating urban IS such as rooftops, roads,
parking lots and natural impervious surface such as wetlands, and
waterbodies. The NDISI values for 2004 range between -0.75 and
0.32, -0.68 and 0.15 for 2008, -0.85 and 0.28 for 2014 and values
between -0.77 and 0.18 for 2018, representing maximum and
minimum values of the index for the four epochs respectively.
The NDISI maps for each epoch are shown in Figure 5.
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Figure 5. Spatial distribution of the NDVI in 2004, 2008, 2014 and 2018.

From the results obtained from the NDISI, it was observed that
Abuja city underwent widespread urbanization, which in turn led
to the creation of impervious surfaces, such as rooftops, roads,
parking lots, sidewalks and driveways.

4.4 Quantitative Relationships between LST and Thematic
Indices

Weng (2001) indicated that the best way to understand the impact
of land cover changes on LST is to investigate the links between
the thermal signatures and land cover types. The effects of IS and
vegetation on LST variation was examined in this study trough

regression analysis, with LST as the dependent variable and the
indices as the independent variables. While NDISI was used to
quantify IS, NDVI was used to quantify vegetation cover in
Abuja city.

441 Relationships of LST and Impervious Surface: In
order to understand the thermal impact of urban expansion on the
environment, it is important that planners have a good
understanding of the relationship that exist between IS and
surface temperature (Xu et al., 2013). Values of LST and IS
extracted to 150 sample points, identical to all epochs in this
study were used for the regression analysis. Results obtained are
shown in Figure 6.
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Figure 6. Correlation analysis between LST and NDISI in 2004, 2008, 2014 and 2018.

The results of the regression and correlation analyses to examine
the impact of IS on LST in Abuja indicate positive correlations
between impervious surface and LST for each epoch, with
correlation coefficient values of R = 0.511, 0.166, 0.505, 0.785
for the years 2004, 2008, 2014 and 2018 respectively, all at 95%
confidence interval. This demonstrates that the development of

impervious surface contributes to temperature rise in Abuja city
and it further suggests that the surface temperature rise in highly
dense impervious surface areas is faster than in lowly dense
impervious surface areas. This can be seen in the values of NDISI
corresponding to the LST at each sample point.
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442 Relationships of LST and NDVI: The relationship
between the LST and NDVI was analyzed, to test the correlation
between these variables. This was achieved by running a
regression analysis. Results are presented in Figure 7.
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Figure 7. Correlation analysis between LST and NDVI in 2004, 2008, 2014 and 2018.

As seen in results obtained from the regression analysis in Figure
7, it was observed that there exists a very strong negative
correlation between LST and NDVI with Pearson correlation
coefficient values of R = -0.826, -0.802, -0.842, -0.859 for the
years 2004, 2008, 2014 and 2018 respectively, all at 95%
confidence interval. The values obtained for the coefficient of
determination (R?) were all greater than 0.60. The year 2018
showed the strongest correlation (R?= 0.7380) between LST and
NDVI, while the weaker correlation (R?= 0.6425) between the
two variables was observed in 2008. The results imply that the
vegetation cover has an influence on the mean surface
temperature obtainable at a particular location and hence, where
vegetation exists, the temperature of that area is less compared to
a built environment, affected by anthropogenic activities.
Furthermore, it can be deduced from the results of the test of
association between LST and NDVI that, the negative
relationship of the LST and NDVI values ascertained the cooling
impact of forests, woodlands, parks, and other city green spaces.

5. CONCLUSIONS

This study gives great insight on the concept of IS and its spatial
pattern in Abuja city, Nigeria, over a period of 14 years. It reveals
that surfaces such as roads, rooftops, pavements etc. situated in
urban areas are highly impervious while surface covered with
vegetation possesses lowly impervious. In this paper, the
relationship between IS distribution and mean surface
temperature of Abuja city, Nigeria have been studied using both
qualitative and quantitative analyses. The broad characteristics of
IS and their effects in enhancing high surface temperatures have
been unveiled. The IS as a variable show a significant bivariate
relationship to LST in each period under study. But the Pearson
correlation coefficients is smaller in 2008 than in other years. 1S
proved to be a true indicator of variations in land surface
temperature dynamics with a positive linear relationship with
LST, whereas LST and NDVI had a negative linear relationship.
It was observed that IS contribute to the surface temperature rise

in Abuja and this can be attributed to anthropogenic activities
arising from rapid urbanization which consequently form IS. The
study recommends the widespread use of highly reflective or
natural surfaces for rooftops, pavements and roads and that
afforestation should be encouraged to increase green areas.
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