
© 2020 Author(s)  
This is an open access article distributed under  

the Creative Commons Attribution license

QUAESTIONES GEOGRAPHICAE 39(3) • 2020

ASSESSING THE RELATIONSHIP OF LST, NDVI AND EVI 
WITH LAND COVER CHANGES IN THE LAGOS LAGOON 

ENVIRONMENT

Alfred S. AlAdemomi , ChukwumA J. okolie , olAgoke e. dArAmolA , 
rAphAel o. AgboolA , ToSin J. SAlAmi

Department of Surveying and Geoinformatics, Faculty of Engineering, University of Lagos, Lagos, Nigeria

Manuscript received: May 20,2020
Revised version: August 19, 2020

AlAdemomi A.S., okolie C.J., dArAmolA o.e., AgboolA r.o., SAlAmi T.J., 2020. Assessing the relationship of LST, NDVI 
and EVI with Land Cover changes in the Lagos Lagoon environment. Quaestiones Geographicae 39(3), Bogucki Wy-
dawnictwo Naukowe, Poznań, pp. 87–109. 13 figs, 12 tables.

AbSTrACT: The Lagos Lagoon is under increased pressure from growth in human population, growing demands for 
natural resources, human activities, and socioeconomic factors. The degree of these activities and the impacts are di-
rectly proportional to urban expansion and growth. In the light of this situation, the objectives of this study were: (i) 
to estimate through satellite imagery analysis the extent of changes in the Lagos Lagoon environment for the periods 
1984, 2002, 2013 and 2019 using Landsat-derived data on land cover, Land Surface Temperature (LST), Normalised Dif-
ference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI); and (ii) to evaluate the relationship between 
the derived data and determine their relative influence on the lagoon environment. The derived data were subjected to 
descriptive statistics, and relationships were explored using Pearson’s correlation and regression analysis. The effect of 
land cover on LST was measured using the Contribution Index and a trend analysis was carried out. From the results, 
the mean LSTs for the four years were 22.68°C (1984), 24.34°C (2002), 26.46°C (2013) and 28.40°C (2019). Generally, the 
mean LSTs is in opposite trend with the mean NDVIs and EVIs as associated with their dominant land cover type. The 
strongest positive correlations were observed between NDVI and EVI while NDVI had the closest fit with LST in the re-
gression. Built-up areas have the highest contributions to LST while vegetation had a cooling influence. The depletion 
in vegetative cover has compromised the biodiversity of this environment and efforts are required to reverse this trend.
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Introduction

Lagoons are located on the coastal shore and 
are environmentally resourceful as a result of 
their biodiversity (Panda, Mohanty 2008). For ex-
ample, the lagoon wetlands, wherever they exist, 
are useful for their numerous economic contribu-
tions to coastal dynamic balance and biological 
diversity. Also, they support numerous natural 
services and functions freely delivered by the 
ecosystem and human habitats which are highly 

valued by society. These services or functions 
include sediments and nutrient retention, storm 
protection, food and storage distribution, and 
improvement of water quality (Kindscher et al. 
1998, Obiefuna et al. 2013a). Degradation in the 
lagoon environment could certainly lead to a re-
duction or total loss of all these services and func-
tions. Coastal lagoon environments, especially 
across the developing countries, are under in-
creased pressure by human population growth, 
changing lifestyles, growing demands for natural 
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resources and socio-economic factors (Panigrahi 
et al. 2007, Kolios, Stylios 2013). It has become a 
trend in a geometrical progression that popula-
tion increases along with rural or urban activities 
around coastal lagoons. The intensity of these ac-
tivities and the impacts are directly proportional 
to urban growth. It is interesting to know that the 
lagoon and its ecosystem features result in high 
changeability in short Spatio-temporal scales 
of the surrounding communities. At a compar-
atively low cost and faster rate, remote sensing 
appears to be the most applied mechanism for 
detecting Spatio-temporal transformations and 
assessing the trend of land cover changes in the 
coastal environments using multi-temporal anal-
ysis (Green et al. 1996). Remote sensing provides 
a resolution that is indispensable for the sustain-
able management of the landscape of coastal 
ecosystems to mitigate irreparable degradation 
caused by anthropogenic activities as a result of 
the misuse of natural resources (Adegun et al. 
2015, Ajibola et al. 2012, 2016).

The intensity of anthropogenic activities and 
urban development worldwide are related to 
changes in land cover and vegetation and have 
disrupted the balance of natural ecosystems (Ngie 
et al. 2016, Meera et al. 2015, Mushtaq, Asima 
2016). Land cover, Land Surface Temperature 
(LST) and Vegetation Indices (VIs) are regarded 
as significant parameters for monitoring environ-
mental changes. According to Qiu et al. (2018), 
LST is an important variable in climate and en-
vironmental research. The traditional method for 
estimating LST is by direct measurement using 
instruments set-up at meteorological stations. 
The limitation of this approach is the inability to 
map LST over large-scale areas and this is where 
satellite remote sensing presents several advan-
tages. For decades, the use of satellite-derived 
data for estimating LST has been well reported 
in the literature (Jimenez-Munoz, Sobrino 2003, 
Zhang et al. 2006, Xiao et al. 2007, David 2008, 
Nwilo et al. 2012, Oguz 2013, Zaharaddeen et al. 
2016, Jeevalakshmi et al. 2017, Deng et al. 2018, 
Tarawally et al. 2018). It has also been suggested 
that the inclusion of LST can improve land cov-
er and vegetation monitoring (Mildrexler et al. 
2007, 2009, Sobrino, Julien 2013, Phompila et al. 
2015). Also, change in land cover is an important 
indicator that affects LST. Because the surface 
reflectance and topography of land cover types 

are different, it also leads to differences in LST 
(Hou et al. 2010). Moreover, in the context of 
urbanisation, Li et al. (2017) discovered that an 
increase in anthropogenic activities is the main 
factor that enhances the rapid change of land 
cover. Consequently, it is expedient that the re-
lationship between LST and land cover should 
be monitored, especially in coastal regions where 
urban expansion is on the increase. Rapid ur-
ban expansion, especially in coastal regions, has 
caused land cover changes. This affects environ-
mental processes at local and regional levels, es-
pecially the urban heat island (UHI) (Streutker 
2003, Weng 2003). The urban thermal environ-
ment is mainly controlled by the distribution of 
LST, which is a direct result of the increase in ur-
banisation (Sun et al. 2011).

Understanding environmental changes also 
require effective monitoring of VIs. VIs are arith-
metic combinations of two or more bands relat-
ed to the spectral characteristics of vegetation 
(Matsushita et al. 2007) and have found wide 
applications in crop phenology monitoring, 
vegetation classification and derivation of veg-
etation biophysical parameters. Generally, VI 
values are in the range from −1 to +1. Negative 
VI values indicate the presence of cloud, snow, 
water or urban land whereas positive VI values 
are positively correlated with green vegetation 
(Chen et al. 2006a). According to Phompila et al. 
(2015), the majority of remote sensing techniques 
for monitoring vegetation cover changes have 
utilised VIs, most commonly the Normalised 
Difference Vegetation Index (NDVI) and the 
Enhanced Vegetation Index (EVI). Of these two, 
the NDVI is the most commonly used. When 
applied to vegetation monitoring, it can cancel 
out a large proportion of the noise caused by 
topographic effects, clouds or cloud shadow, 
changing sun angles and atmospheric conditions 
(Huete, Justice 1999, Matsushita et al. 2007). It 
has found wide applications because it is accu-
rate, computationally simple, efficient and use-
ful for agricultural land use mapping in tropical 
environments (Meera et al. 2015). However, it is 
more saturated at high biomass levels (Gao et al. 
2000) and also sensitive to canopy background 
variations (Huete 1988). As an enhancement to 
the NDVI, the EVI improves on atmospheric 
correction, index saturation in densely forested 
areas and reduction of soil reflectance influence 
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(Boegh et al. 2002, Huete et al. 2002, Gao et al. 
2003, Xiao et al. 2004, Rankine et al. 2017). The 
EVI also provides a more dynamic range than 
the NDVI, and its improved performance has 
brought it to the attention of many researchers. 
Li et al. (2010) assessed the correlation of NDVI 
and EVI derived from the Moderate Resolution 
Imaging Spectroradiometer (MODIS) instru-
ment with natural vegetation coverage in the 
Northern Hebei Province of China. Their study 
showed that MODIS-NDVI was more correlated 
with field data of vegetation cover and had ob-
vious advantages for predicting natural vegeta-
tion coverage than MODIS-EVI. Therefore, there 
still exists a need to combine the complementary 
performances of NDVI and EVI for a detailed 
understanding of vegetation characteristics and 
inform planning decisions for more sustainable 
environments.

Furthermore, VIs are another factor that in-
fluences changes in LST by selectively reflecting 
and absorbing radiation energy from the sun and 
modifying latent and functional heat exchange 
(Yuan et al. 2017). Vegetation abundance reduc-
es LSTs through latent heat transfer from the 
surface to atmosphere via the process of evapo-
transpiration (Farina 2012). As such, NDVI and 
EVI can be exploited to assess this relationship 
thereby providing useful insights into the natu-
ral cooling mechanism of vegetation. It has also 
been shown that land cover characteristics have 
a significant influence on environmental ther-
mal conditions in the environment (Xian, Crane 
2006, Roth 2008). Also, LST is influenced by land 
cover change and this is due to its role in the 
exchange of energy on the earth’s surface, sur-
face matter exchange and atmospheric processes 
(both physical and chemical) (Xiao et al. 2007, 
Butuc, Moldovean 2011, Deng et al. 2018). In a 
recent study, Ferrelli et al. (2018) observed LST 
variation within diverse land covers in Monte 
Hermoso City, Argentina, as a consequence of 
urban growth and changes in vegetation cov-
er. They thereafter concluded that the Spatio-
temporal variation of LST values may indicate 
modifications in urban land cover. The effect 
of population growth and the pressure or deg-
radation it exerts on the environment are also 
other motivations to explore the relationship 
between land cover change and LST variations 
(Kaufmann et al. 2007, Ferrelli et al. 2018).

Remote sensing techniques permit the de-
velopment of high resolution temporal and spa-
tial results (Ferrelli et al. 2018). In recent times, 
researchers have studied and documented the 
changes in the coastal environments of Nigeria 
with remote sensing methods. Such studies in-
clude observations of changes in the Lower Ogun 
River flood plain (Odunuga, Oyebande 2007), 
evaluation of the degree of mangrove ecosystem 
changes in the Niger Delta (James et al. 2007), ap-
plication of satellite remote sensing in monitor-
ing land degradation along the coast of Ondo in 
Nigeria (Abbas 2008, Abbas, Fasona 2012), wet-
land changes in the Lagos/Lekki lagoon envi-
ronments (Obiefuna et al. 2013a, 2013b) and dy-
namics of land cover and LST changes in Lagos 
metropolis (Obiefuna et al. 2018). However, the 
link between land cover, LST and VIs has not 
been well exploited in the monitoring of the 
Lagos Lagoon environment. Therefore, the ob-
jectives of this study are to: (i) estimate through 
satellite imagery analysis the extent of changes 
in the Lagos Lagoon environment from 1984 to 
2019 using the derived data on land cover, LST, 
NDVI and EVI and (ii) evaluate the relationship 
between the derived data and determine their 
relative influence on the lagoon environment.

Study Area

The study area is a region encompassed by 
a portion of the local government areas (LGAs) 
surrounding the Lagos Lagoon in Lagos State, 
south-western Nigeria. The Lagos Lagoon is a 
part of the continuous system of lagoons and 
creeks that are found in the Barrier-Lagoon com-
plex along the coast of Nigeria in West Africa. 
The geographic extent of the lagoon is between 
longitudes 3°21'00"–3°57'50"E and latitudes 
6°23'30"–6°41'10"N. The lagoon receives its dis-
charge from River Ogun and River Osun and the 
system empties into the Atlantic Ocean via the 
Lagos harbour. Lagos State is located within the 
tropical rain forest belt, and the dominant veg-
etation is the tropical swamp forest which con-
sists of fresh water and mangrove swamp forests 
(Ojeh et al. 2016). Due to the interaction between 
the warm, humid maritime tropical air mass and 
the hot and dry continental air mass from the 
interior parts of Nigeria, the state experiences 
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two seasons: a rainy or wet season from April 
to October and a dry season from November to 
March (Fasona et al. 2005, Ojeh et al. 2016, Nwilo 
et al. 2020). These seasons are under the influence 
of the intertropical convergence zone (ITCZ) that 
moves along with the position of highest rainfall 
(Salau et al. 2016, Akpootu et al. 2017). While the 
wet season is characterised by heavy rainfall, the 
dry season is characterised by little or no rain-
fall with a dry dust-laden atmosphere (Akpootu 
et al. 2017). However, some areas in Lagos State 
that are very close to the Atlantic Ocean experi-
ence rainfall throughout the year (Aribisala et al. 
2016, Akpootu et al. 2017). Humidity is very high 
throughout the year and monthly average max-
imum temperatures range from 28.6°C (July/
August) to 33.7°C (February/March) (Ojeh et al. 
2016). Figure 1 presents a map showing the loca-
tion of the study area.

Materials and methods

The methodology workflow is shown in 
Figure 2.

Data Acquisition, Harmonisation and Pre-
processing

Medium resolution Landsat imageries for 
4 years were acquired from the United States 
Geological Surveys Earth Explorer portal (USGS 
2020). On the Earth Explorer webpage, the ap-
propriate search criteria were set and the image-
ries were downloaded. Following the approach 
of Ferrelli et al. (2018), imageries with excessive 
cloud cover were discarded. To maximise the 
coverage of the available scenes, a combination 
of Landsat scenes (191/055 and 191/056) was 
done to form a complete coverage of the study 
area at four average periods: 1984 (Thematic 
Mapper (TM)), 2002 (Enhanced Thematic 
Mapper (ETM+)), 2013 and 2019 (Operational 
Land Imager (OLI)/Thermal Infrared Sensor 
(TIRS)). These imageries are already geometri-
cally corrected by USGS and ortho-rectified to 
Level 1 (Tatem et al. 2006, Gutman et al. 2013). A 
further confirmation of the geometric/positional 
suitability of the Landsat scenes was done with 
reference to the Lagos State boundary along the 
Lagos shoreline through overlay and the align-
ment was satisfactory. The scenes used for land 
cover classification covered the following peri-
ods: TM (1984–1986), ETM+ (2001/2002) and OLI 
(December 2013 and January 2019); while scenes 
used for LST determination covered the fol-
lowing:  TM (December 1984), ETM+ (February 
2000) and TIRS (December 2013 and January 
2018). For NDVI and EVI extraction, the image-
ry dates are as follows: TM (December 1984), 
ETM+ (December 2002) and OLI (December 2013 
and January 2019). Generally, the imageries cov-
er dry season months. The Landsat imageries 
have a pixel spacing of 30 m and are referenced 
to a Universal Transverse Mercator (UTM) co-
ordinate system defined on the WGS84 datum 
(WGS84 UTM Zone 31N).

Image Classification

Following the approach of Ullah et al. 
(2019), the first step involved a preliminary 

Fig. 1. Map showing the study area.

Fig. 2. The workflow of the methodology.
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interpretation of the Landsat imageries aided by 
Anderson’s (1971) Level I Classification Scheme 
and the use of Google Earth imagery for training 
sites development. This interpretation catego-
rised the study area land cover into four classes, 
such as bare land, built-up area, vegetation and 
water body (Table 1). Next, training sites were 
created for each class and the imageries were 
then subjected to supervised classification by the 
Maximum Likelihood Classifier (MLC) in ENVI 
5.3 image processing software. MLC incorporates 
the variance–covariance within the class distribu-
tions and for data that has a normal distribution; 
it gives a better performance than other known 
parametric classifiers. It performs well over var-
ious types of land cover, satellite systems and 
conditions (Bolstad, Lillesand 1991). It is a pre-
ferred choice for many applications and its good 
performance has been proven (Sharma et al. 
2017, Brendel et al. 2019). After classification, the 
feature classes were transferred to ArcGIS for ed-
iting, refinement and assessment of classification 
accuracy. According to Hasmadi et al. (2009), ac-
curacy assessment is important for checking the 
reliability of the classification results. The main 
idea behind any image classification process is 
to obtain the highest accuracy possible (Sharma 
et al. 2011). The minimum level of interpretation 
accuracy in the identification of land cover class-
es from remotely sensed data should be at least 
85% (Anderson 1971). Using the Landsat imagery 
as a reference, 90 points were used to compare 
features interpreted on the imageries and their 
corresponding output in the classification. The 
point comparison detected the correctly classi-
fied pixels, pixels assigned to a certain class that 
did not belong to it (commission errors) and pix-
els that belong to one class but are included into 
other classes (omission errors) (Tran et al. 2017, 
Aboelnour, Engel 2018). The overall accuracy was 
then computed using the following expression:

 (1)

NDVI and EVI Determinations

Traditionally, the NDVI is calculated using a 
combined operation between the Red band and 
Near-Infrared (NIR) band (Qiu et al. 2018, Ferrelli 
et al. 2018, Ullah et al. 2019, Guha et al. 2020) as 
follows:

 NDVI = (RNIR − RRed) / (RNIR + RRed) (2)

where:
 – RNIR represents the spectral reflectance in the 

NIR band,
 – RRed represents the spectral reflectance of the 

Red band.
The EVI is computed (Hoek van Dijke et al. 

2019, Semeraro et al. 2020) as follows:

 EVI = G × ((RNIR − RRed) / (RNIR + C1 × RRed − C2 ×  

 × RBlue + L))                (3)

where:
 – G is the Gain factor,
 – RNIR, RRed and RBlue are atmospherically correct-

ed/partially atmosphere-corrected (Rayleigh 
and ozone absorption) surface reflectance,

 – L is the canopy background adjustment to ad-
dress non-linear, differential NIR and red ra-
diant transfer through a canopy,

 – C1 and C2 are coefficients of the aerosol resist-
ance term, which uses the Blue band to correct 
for aerosol influences in the Red band.
These enhancements incorporated into EVI 

reduce the background noise, atmospheric noise 
and saturation in most cases.

Landsat Level 2 NDVI and EVI products were 
ordered and downloaded from the USGS Earth 
Resources Observation and Science (EROS) 
Centre Earth Science Processing Architecture 
on-demand interface. The ESPA is an incuba-
tion environment that provides users with an 
on-demand interface to process and customise 
Landsat science products (USGS 2020). The co-
efficients adopted on ESPA in the EVI algorithm 
for Landsat 4–7 and Landsat 8 are G = 2.5, C1 = 6, 
C2 = 7.5 and L = 1. The Level 1 scene lists were 
uploaded on the interface and processing was 

Table 1. Description of the land cover categories used 
in the study.

Land cover class Description
Built-up area This feature class encompasses set-

tlements within the study area 
Bare land Paved surfaces, exposed topsoil
Water body This encompasses all surface water 

bodies visible on the imagery
Vegetation Shrubs, grasslands, cultivated lands, 

wetlands and mangroves
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done for the surface reflectance, NDVI and EVI 
Level 2 products. The surface reflectance en-
hances comparison between multiple Landsat 
imageries over the study area by considering at-
mospheric effects such as aerosol scattering and 
thin clouds, which can help in the detection and 
characterisation of surface changes. According 
to USGS (2019), surface reflectance is generated from 
Level-1 inputs that meet the <76°solar zenith angle 
constraint and include the required auxiliary data in-
puts to generate a scientifically viable product. The 
NDVI and EVI products were delivered from 
ESPA as single bands with 16-bit integers and 
values ranging from −10,000 to +10,000 (USGS 
2020). However, using the given scale factor of 
0.0001, this was scaled down to a range from −1 
to +1.

LST Retrieval

The retrieval of LST followed the single-chan-
nel method (Oguz 2013, Ferrelli et al. 2015, 
Obiefuna et al. 2018). Landsat TM thermal Band 
6, ETM Band 6_1 and TIRS Band 10 were used for 
the retrieval. The key stages of the methodology 
are discussed below.

Conversion of digital number (DN) to spectral 
radiance

The formula for converting DN in Landsat 5 
and 7 to spectral radiance is given by Zareie et 
al. (2016):

 (4)

where:
 – Lλ is spectral radiance at the sensor’s aperture 

(W m−2 sr−1 μm−1),
 – QCAL is quantized calibrated pixel value in 

DN,
 – LMIN is spectral radiance scaled to QCALMIN, 
 – LMAX is spectral radiance scaled to QCAL-

MAX,
 – QCALMIN is minimum quantized calibrated 

pixel value (corresponding to LMIN) in DN,
 – QCALMAX is maximum quantized calibrated 

pixel value (corresponding to LMAX) in DN.
The formula to derive the spectral radiance for 

Landsat 8 is given by USGS (2015):

 Lλ = ML × QCAL + AL (5)

where:
 – ML is Radiance multiplicative scaling factor 

for the band,
 – AL is Radiance additive scaling factor for the 

band.
The values for LMIN, LMAX, QCALMIN, 

QCALMAX, ML and AL are derived from the 
Landsat metadata file.

Conversion of spectral radiance to top-of-
atmosphere (TOA) brightness temperature

After calculating the spectral radiance (Lλ), the 
next step was the calculation of the TOA bright-
ness temperature. The TOA approximation for-
mula is given by Dewan and Corner (2012), 
Zareie et al. (2016), Hamoodi et al. (2019) and 
Guha et al. (2020):

 T = K2 / log(1 + K1 / Lλ) (6)

where:
 – T is TOA brightness temperature (K),
 – K1 (W cm−2 sr−1 μm−1) and K2 (K) are pre-launch 

calibration constants.
Values for K1 and K2 for Landsat TM and 

ETM+ are shown in Table 2, whereas Table 3 
shows the values for Landsat 8 TIRS.

Conversion of brightness temperature to LST
The brightness temperature was subsequently 

converted to LST using Eq. (7) (Hamoodi et al. 
2019, Ullah et al. 2019):

  (7)

where:
 – ST is LST (K),

Table 2. Landsat TM and ETM+ Thermal Band Cali-
bration Constants.

Landsat 5 TM Landsat 7 ETM+
K1 1607.76 1666.09
K2 1260.56 1282.71

Table 3. Landsat 8 TIRS Thermal Band Calibration 
Constants.

Band 10 Band 11
K1 1774.89 1480.89
K2 1321.08 1201.14
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 – λ is Wavelength of emitted radiance (11.5 μm), 
 – ε is Land surface emissivity (typically 0.95),
 – ρ = h × c / σ = 1.438 × 10−2 m K (σ = Boltz-

mann constant = 1.38 × 10−23 J K−1, h = Planck’s 
constant = 6.626 × 10−34 J s, c = velocity of 
light = 2.998 × 108 m s−1).
Finally, the LST in Kelvin was converted to 

degree Celsius by subtracting from 273.15.

Relationships, Change Detection and Trend 
Analysis

Statistical analyses are commonly applied to 
establish relationships between parameters, for 
example, Land cover-LST (Dewan, Corner 2012), 
LST-NDVI (Ferrelli et al. 2018, Hamoodi et al. 
2019, Malik et al. 2019, Ullah et al. 2019, Guha 
et al. 2020, Mukherjee, Singh 2020), NDVI-EVI 
(Chen et al. 2006b, Matsushita et al. 2007, Li et al. 
2010, Uyeda et al. 2017) and LST-EVI (Phompila 
et al. 2015). In this study, an inventory of the pa-
rameters was created for the study area. To do 
this, the LST, NDVI and EVI raster maps were 
converted to grids of point shape files with the 
associated parameter values at pixel centres in 
the attribute table. The grids were then overlaid 
on the land cover, LST and NDVI maps within 
ArcGIS. The values on the land cover maps co-
inciding with the points were extracted. To ex-
plore the relationship between the parameters, 
descriptive statistics were computed using the 
Statistical Package for the Social Sciences (SPSS) 
software v20. In line with Guha et al. (2020), the 
minimum, maximum, mean and standard devi-
ations (SDs) of the parameters were generated. 
Pearson’s correlation analysis was used to ana-
lyse the correlation between variables. Linear 
regression was also carried out to determine the 
temporal relationship between the LST, NDVI 
and EVI in different land cover classes. The effect 
of land cover on the LST was calculated using the 
Contribution Index (CI). The CI quantifies the 
warming or cooling extent of a land cover type 
and this is related to the proportion of the total 
land area it occupies. It links spatial structure and 
long-term changes in land cover to LST intensi-
ties. The equation for calculating the CI is given 
by Eq. (8) (Odindi et al. 2015, Odindi et al. 2017, 
Tarawally et al. 2018).

 CI = Dt × S (8)

where:
 – Dt is the average LST of study area minus av-

erage LST of land cover class type,
 – S is the ratio of area covered by land cover 

type to the total area of the study area.
If CI of a land cover type is positive, it indi-

cates that it contributes to raising the LST and 
vice versa.

Going further, a trend analysis was carried 
out using the Mann-Kendall test and Sen’s es-
timator of slope. The Mann-Kendall’s test is a 
non-parametric test for trend analysis (Gilbert 
1987). It is particularly useful as the data need 
not conform to any particular distribution 
(Hamed 2008). The use of mean values of multi-
ple observations in a period was recommended 
by Gilbert (1987) for Mann-Kendall trend analy-
sis. If the Mann-Kendall’s statistic (S) is a large 
positive number, measurements taken later in 
time tend to be larger than those taken earlier. 
Similarly, if S is a large negative number, meas-
urements taken later in time tend to be smaller. 
The first scenario is to test the null hypothesis 
(Ho) of no trend against the alternative hypoth-
esis (HA) of an upward trend. Ho is rejected in 
favour of HA if S is positive and if the probability 
value is less than the significance level (p-value) 
of the test. Similarly, to test Ho against the alter-
native hypothesis HA of a downward trend, Ho 
is rejected and HA accepted if S is negative and 
if the probability value is less than the a priori 
specified p-value. For this study, a trend analysis 
of the LST, NDVI and EVI was done for the years 
1984, 2002, 2013 and 2019. The Sen’s slope esti-
mator, Qmed (Sen 1968, Gocic, Trajkovic 2013), is 
the magnitude of the upward trend per year. The 
variables with the upward trend or linear trend 
were further probed for the annual increase or 
slope value. The Qmed sign reflects data trend re-
flection, while its value indicates the steepness 
of the trend.

Results and discussion

Analysis of Land Cover Changes

Table 4 shows the areal distribution of land 
cover in the study area for the years 1984, 2002, 
2013 and 2019. The analysis shows that bare 
land increased by 613.7% from 7.08 km2 in 1984 
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to 50.53 km2 in 2002 (at the rate of 2.41  km2 a−1). 
Thereafter, it decreased by 72.99% to 13.65 km2 
between 2002 and 2013 (at the rate of 3.35  km2 a−1) 
and finally decreased by 82.05% to 24.85 km2 be-
tween 2013 and 2019 (at the rate of 1.87  km2 a−1). 
Built-up areas that occupied only 40.77 km2 
in 1984 expanded significantly by 219.7% to 
130.34 km2 between 1984 and 2002 (at the rate 
of 4.98 km2 a−1) and subsequently increased by 
219.37% to 416.27 km2 between 2002 and 2013 (at 
the rate of 25.99  km2 a−1). Between 2013 and 2019, 
it increased slightly by 6.06% to 441.49 km2 (at the 
rate of 4.20  km2 a−1). There were depletions in the 
coverage of vegetation within the area. Between 
1984 and 2002, 9.25% of the vegetation cover 
(122.28 km2) was lost at the rate of 6.79  km2 a−1. In 
the period between 2002 and 2013, 20.24% of veg-
etation cover representing 242.82 km2 was lost at 
the rate of 22.07  km2 a−1. Finally, 2.39% of veg-
etation cover (22.85 km2) was lost between 2013 
and 2019 (at the rate of 3.81  km2 a−1). In relation 
to other land cover classes, the loss in water body 
was moderate over the entire period. Water body 
decreased from 415.37 km2 in 1984 to 404.63 km2 
in 2002, 398.40 km2 in 2013 and finally dropped to 
384.83 km2 in 2019.

The accuracy assessment of the classification 
yielded the following overall accuracies: 96.67% 
(1984), 81.11% (2002), 93.33% (2013) and 87.78% 
(2019).

Land Cover, LST, NDVI and EVI 
Distributions

Tables 5–8 show descriptive statistics of the 
LST, NDVI and EVI per land cover excluding wa-
ter body for the years 1984, 2002, 2013 and 2019, 
respectively. The mean LSTs for the four periods 
are 22.68°C (1984), 24.34°C (2002), 26.46°C (2013) 
and 28.40°C (2019), respectively. Comparison 
was done with historical monthly temperatures 
of Lagos from WWO (2020). The online tempera-
ture data showed that the state had average tem-
peratures of 28°C in both December 2013 and 
January 2018. These monthly averages are in the 
same range of the average LSTs from Landsat 
shown in Tables 7 and 8. The trend reveals a 
gradual rise in surface temperatures and warm-
ness within the environment surrounding the 
Lagos Lagoon over the years. The lowest tem-
perature recorded was 17.63°C in 1984 whereas 
the highest temperature was 36.90°C in 2019. 

Table 4. Areal distribution of land cover in 1984, 2002, 2013 and 2019.

S/N Land cover class
1984 2002 2013 2019

km² % km² % km² % km² %
1 Bare land 7.08 0.40 50.53 2.83 13.65 0.76 24.85 1.39
2 Built-up area 40.77 2.28 130.34 7.30 416.27 23.32 441.49 24.73
3 Vegetation 1321.78 74.05 1199.50 67.20 956.68 53.60 933.83 52.32
4 Water body 415.37 23.27 404.63 22.67 398.40 22.32 384.83 21.56

Total 1785.00 100.00 1785.00 100.00 1785.00 100.00 1785.00 100.00

Table 5. Descriptive statistics of the LST, NDVI and EVI relationship with land cover in 1984.

 Parameter Land cover class N Mean SD
95% Confidence Interval for Mean

Min Max
Lower Bound Upper Bound

LST [ºC] Bare land 859 25.31 1.04 25.24 25.38 21.30 27.93
Built-up area 5036 26.39 0.80 26.36 26.41 22.67 29.18
Vegetation 161051 22.55 1.10 22.54 22.55 17.63 29.14
Total 166946 22.68 1.29 22.67 22.68 17.63 29.18

NDVI [-] Bare land 859 0.13 0.04 0.13 0.13 0.05 0.33
Built-up area 5036 0.14 0.04 0.14 0.14 0.01 0.28
Vegetation 161051 0.38 0.06 0.38 0.38 0.00 0.50
Total 166946 0.37 0.07 0.37 0.37 0.00 0.50

EVI [-] Bare land 859 0.10 0.03 0.10 0.10 0.03 0.26
Built-up area 5036 0.10 0.03 0.10 0.10 0.01 0.20
Vegetation 161051 0.27 0.05 0.27 0.27 0.00 0.41
Total 166946 0.27 0.06 0.27 0.27 0.00 0.41
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The built-up area class had the highest mean LST 
values while vegetation had the lowest mean 
values. The NDVI values ranged from 0.0 to 0.5 
(1984), −0.2 to 0.70 (2002), −0.12 to 0.85 (2013) 
and −0.06 to 0.80 (2019). For the EVI, the rang-
es are as follows: from 0.0 to 0.41 (1984), −0.08 

to 0.56 (2002), −0.05 to 0.74 (2013) and −0.04 to 
0.60 (2019). In Lagos State, many patches of bare 
land are sandwiched between built-up areas. 
Hence, this mixed set-up could explain the little 
differentiated values between the NDVIs of bare 
land and built-up area. It has been discovered 

Table 6. Descriptive statistics of the LST, NDVI and EVI relationship with land cover in 2002.

 Parameter Land cover class N Mean SD
95% Confidence Interval for Mean

Min Max
Lower Bound Upper Bound

LST [ºC] Bare land 5948 26.06 1.04 26.03 26.08 22.74 29.85
Built-up area 15698 26.25 0.99 26.24 26.27 22.95 29.55
Vegetation 145300 24.06 0.95 24.06 24.07 22.36 29.64
Total 166946 24.34 1.20 24.33 24.35 22.36 29.85

NDVI [-] Bare land 5948 0.25 0.09 0.25 0.26 0.01 0.52
Built-up area 15698 0.26 0.12 0.26 0.27 0.00 0.59
Vegetation 145300 0.56 0.08 0.56 0.56 −0.20 0.70
Total 166946 0.52 0.13 0.52 0.52 −0.20 0.70

EVI [-] Bare land 5948 0.16 0.05 0.16 0.16 0.01 0.35
Built-up area 15698 0.16 0.08 0.16 0.16 0.00 0.42
Vegetation 145300 0.35 0.06 0.35 0.35 −0.08 0.56
Total 166946 0.32 0.09 0.32 0.32 −0.08 0.56

Table 7. Descriptive statistics of the LST, NDVI and EVI relationship with land cover in 2013.

 Parameter Land cover class N Mean SD
95% Confidence Interval for Mean

Min Max
Lower Bound Upper Bound

LST [ºC] Bare land 1460 28.80 1.82 28.70 28.89 24.46 34.15
Built-up area 49568 29.34 1.90 29.32 29.35 23.80 36.31
Vegetation 115918 25.20 1.31 25.19 25.21 23.09 34.73
Total 166946 26.46 2.43 26.45 26.47 23.09 36.31

NDVI [-] Bare land 1460 0.25 0.12 0.24 0.26 0.05 0.63
Built-up area 49568 0.37 0.13 0.37 0.38 −0.12 0.72
Vegetation 115918 0.70 0.09 0.70 0.70 −0.12 0.85
Total 166946 0.60 0.18 0.60 0.60 −0.12 0.85

EVI [-] Bare land 1460 0.18 0.08 0.18 0.19 0.04 0.43
Built-up area 49568 0.23 0.09 0.23 0.23 −0.04 0.53
Vegetation 115918 0.43 0.07 0.43 0.43 −0.05 0.74
Total 166946 0.37 0.12 0.37 0.37 −0.05 0.74

Table 8. Descriptive statistics of the LST, NDVI and EVI relationship with land cover in 2019.

 Parameter Land cover class N Mean SD
95% Confidence Interval for Mean

Min Max
Lower Bound Upper Bound

LST [ºC] Bare land 2598 29.17 1.30 29.12 29.22 23.17 32.45
Built-up area 52944 29.80 1.46 29.79 29.82 19.48 34.81
Vegetation 111404 27.72 1.36 27.71 27.73 20.51 36.90
Total 166946 28.40 1.70 28.40 28.41 19.48 36.90

NDVI [-] Bare land 2598 0.29 0.12 0.29 0.30 0.01 0.68
Built-up area 52944 0.27 0.10 0.27 0.28 −0.02 0.68
Vegetation 111404 0.56 0.11 0.56 0.56 −0.06 0.80
Total 166946 0.47 0.17 0.47 0.47 −0.06 0.80

EVI [-] Bare land 2598 0.19 0.07 0.19 0.20 0.01 0.43
Built-up area 52944 0.16 0.06 0.16 0.16 −0.01 0.48
Vegetation 111404 0.34 0.07 0.34 0.34 −0.04 0.60
Total 166946 0.28 0.11 0.28 0.28 −0.04 0.60
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that the values of EVI are generally lower than 
the NDVI values. This is due to the atmospheric 
correction and reduction of soil reflectance influ-
ence, which has been factored in the EVI model. 
Figure 3 is the histogram representation of the 
range of values of LST, NDVI and EVI, respec-
tively, from 1984 to 2019. The histogram shows 
the dominance of LST values within the range 
of 23–24°C, the NDVI values within the rang-
es, 0.35–0.42 and 0.58–0.62 dominate the Lagos 
Lagoon environment over the years, the EVI 
values within the range of 0.30–0.40 dominate 
the Lagos Lagoon environment over the years. 
These values of VI show the dominance of green-
ness in the Lagos Lagoon environment despite 
the urbanisation. Figures 4–7 present maps of 
land cover, LST, NDVI and EVI for the periods 
under study. The progressive increase in built-
up areas and the decrease in vegetation cover 
are evident in Figure 4. The LST map also shows 
a progressive rise in temperatures emanating 
from the centre of the metropolis. Juxtaposing 
the four maps, it can be deduced that the lagoon 
environment has varied vegetation where vege-
tation decline over the 35 years follows a pattern 
of increasing disappearance from the west to the 
east. This also indicates that urban development 
is very high in the west and it increases yearly 
towards the north-western and eastern regions 
of the lagoon environment. Generally, the veg-
etation-covered areas have the highest NDVI 
and EVI values. Areas with abundant vegetation 
cover display low LST values (Guha et al. 2020). 
The trend of overall LST ranging from higher to 
lower for built-up areas, bare land and vegeta-
tion conforms with the findings of Ullah et al. 
(2019).

Analysis of Relationship between 
Parameters

Figures 8–10 present graphical illustrations of 
the mean LSTs, NDVIs and EVIs associated with 
land cover types in the eight LGAs surrounding 
the Lagos Lagoon with error bars representing 
±1 SD. The eight LGAs (Lagos Island, Somolu, 
Ibeju Lekki, Ikorodu, Somolu, Epe, Eti-Osa and 
Kosofe) with their spatial locations show vary-
ing degrees of urbanisation. The highest mean 
LST values are observed in Lagos Island, Lagos 
Mainland and Somolu LGAs and this is possible 
because of the high population growth rate and 
urbanisation, which invariably causes a high de-
gree of human-induced heat. Hence, the increase 
in urbanisation must have resulted to high mean 
values of LST in each of the years of study. This 
is one of the effects of UHI. Notwithstanding, ar-
eas such as the extreme eastern part of Ikorodu, 
Ibeju-Lekki and Epe exhibit the highest means of 
NDVI and EVI values (Figs 9 and 10). This might 
be attributed to the predominance of vegetation 
cover. In agreement with the findings of Wilson 
et al. (2003) and Yue et al. (2007), green vegeta-
tion cover in the areas suggests relatively a high-
er rates of evapotranspiration and favouring of 
latent exchange between surface and atmosphere 
as compared with built-up areas. In the study 
by Ferrelli et al. (2018) on the Spatio-temporal 
relationship between LST and NDVI in Monte 
Hermoso City, Argentina, minimum NDVI was 
observed in summer whereas the LST showed 
the opposite behaviour. Similarly, in the present 
study which was conducted with Landsat image-
ries acquired in the dry season, it is observed that 
mean LSTs are in opposite trend with the mean 

Fig. 3. Histograms showing a range of values from 1984 to 2019 for LST (a), NDVI (b), and EVI (c).
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Fig. 4. Spatial pattern of land cover for 1984 (a), 2002 (b), 2013 (c) and 2019 (d).



98 ALFRED S. ALADEMOMI ET AL.

Fig. 5. Spatial pattern of LST for 1984 (a), 2002 (b), 2013 (c) and 2019 (d).
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Fig. 6. Spatial pattern of NDVI for 1984 (a), 2002 (b), 2013 (c) and 2019 (d).
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Fig. 7. Spatial pattern of EVI for 1984 (a), 2002 (b), 2013 (c) and 2019 (d).
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NDVIs and EVIs. Also, where high LSTs are ob-
served, NDVI diminishes due to variations in 
vegetation state or abundance.

Table 9 presents the coefficients of correla-
tion derived from the analysis. In all the pairs of 
comparisons, levels of correlation were detected 
at the 0.01 level (2-tailed). Generally, a strong 
inverse relationship was observed between the 

NDVI and LST and between EVI and LST. An in-
verse relationship between NDVI and LST was 
also noted in studies by Li et al. (2010), Ferrelli et 
al. (2018), Mukherjee and Singh (2020) and Guha 
et al. (2020). The strongest positive correlations 
were observed between NDVI and EVI over the 
35-year data span. This means that the LST in-
creased as the NDVI and EVI decreased over 

Fig. 8. Mean LSTs (°C) associated with the eight LGAs.

Fig. 9. Mean NDVIs associated with the eight LGAs.

Fig. 10. Mean EVIs associated with the eight LGAs.
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time. However, the value of the coefficient of cor-
relation (r) decreases from 1984 to 2019 (r values 
shown in bold). This implies that although high 
positive r was obtained, the VI around the lagoon 
environment is decreasing yearly, inferred from 
the gentle gradient of r from 1984 to 2019.

The regression analysis between the param-
eters and the time period presented in Table 10 
shows a negative linear relationship between the 
LST and the VIs over the years. Several authors 
have also noted this inverse relationship, for ex-
ample, Dewan and Corner (2012), Ferrelli et al. 
(2015), Guha et al. (2020) and Mukherjee and 
Singh (2020). This means that the LST increased 
as the NDVI and EVI decreased over time. The 
linear models show the existence of significant 
relationships between the VIs and the LST. In 
consonance with the submission of Ferreira and 
Duarte (2019), the R2 shows that the NDVI has a 
better fit and relationship with LST. The relation-
ship between the LST, NDVI and EVI in vegeta-
tion cover shows a better fit than the bare land 
and built-up areas with R2 values as follows: veg-
etation: (0.729, 0.770), bare land (0.542, 0.557) and 

Table 9. Coefficient of correlation (r) between LST, NDVI and ENVI in years 1984, 2002, 2013 and 2019.

Parameter
LST NDVI EVI

1984 2002 2013 2019 1984 2002 2013 2019 1984 2002 2013 2019
LST 1984 1.00 0.62 0.53 0.31 −0.63 −0.62 −0.51 −0.46 −0.63 −0.60 −0.48 −0.45
LST 2002 0.62 1.00 0.80 0.60 −0.48 −0.70 −0.68 −0.71 −0.42 −0.65 −0.58 −0.69
LST 2013 0.53 .80* 1.00 0.66 −0.54 −0.75 −0.86 −0.85 −0.48 −0.69 −0.79 −0.85
LST 2019 0.31 0.60 0.66 1.00 −0.16 −0.41 −0.53 −0.64 −0.13 −0.37 −0.43 −0.62

NDVI 1984 −0.63 −0.48 −0.54 −0.16 1.00 0.80 0.63 0.53 0.99 0.78 0.66 0.56
NDVI 2002 −0.62 −0.70 −0.75 −0.41 0.80 1.00 0.82 0.73 0.77 0.98 0.80 0.74
NDVI 2013 −0.51 −0.68 −0.86 −0.53 0.63 0.82 1.00 0.86 0.58 0.78 0.96 0.86
NDVI 2019 −0.46 −0.71 −0.85 −0.64 0.53 0.73 0.86 1.00 0.47 0.68 0.79 0.96
EVI 1984 −0.63 −0.42 −0.48 −0.13 0.99 0.77 0.58 0.47 1.00 0.75 0.63 0.51
EVI 2002 −0.60 −0.65 −0.69 −0.37 0.78 0.98 0.78 0.68 0.75 1.00 0.78 0.71
EVI 2013 −0.48 −0.58 −0.79 −0.43 0.66 0.80 0.96 0.79 0.63 0.78 1.00 0.82
EVI 2019 −0.45 −0.69 −0.85 −0.62 0.56 0.74 0.86 0.96 0.51 0.71 0.82 1.00

Table 10. Linear regression analysis between the LST, NDVI, EVI and the time period, T.

Land cover class Equation R2 Significance 
(p<0.001) Sampled cells

All land cover classes LST = 0.193T − 8.542NDVI − 356.929 0.812 0.000 667784
LST = 0.173T − 12.441EVI − 316.797 0.784 0.000

Bare land LST = 0.158T − 6.072EVI − 288.905 0.542 0.000 10865
LST = 0.158T − 4.395NDVI − 289.447 0.557 0.000

Built-up area LST = 0.149T − 7.863EVI − 269.420 0.410 0.000 123246
LST = 0.153T − 5.335NDVI − 276.318 0.421 0.000

Vegetation LST = 0.159T − 9.795EVI − 290.462 0.729 0.000 533673
LST = 0.187T − 7.943NDVI − 344.852 0.770 0.000

Fig. 11. Temporal relationship between EVI and 
NDVI and LST in bare land class (a), in built-up area 

class (b) and in vegetation class (c).
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built-up area (0.410, 0.421). This shows the homo-
geneity in the relationship between the LST and 
the VIs in the vegetation class. Figure 11 shows 
the graphical representation of the relationship 
between the LST, NDVI and EVI across the years. 
Figure 11a shows the heterogeneous distribution 
of the LST over the years with respect to the VIs 
(NDVI and EVI) in bare land. Between the years 
2014 and 2019, high LST values 27.5–28.5°C have 
moderate NDVI and EVI values between −0.2 
and 0.6. Figure 11b shows a less heterogeneous 
distribution of the LST over the years with re-
spect to the VIs (NDVI and EVI) in built-up area. 
Between the years 2014 and 2019, high LST val-
ues (29–30°C) have moderate NDVI and EVI val-
ues between −0.2 and 0.2. Figure 11c shows a ho-
mogenous distribution of the LST over the years 
with respect to the VIs (NDVI and EVI) in vegeta-
tion. Between the years 2014 and 2019, high LST 
values (29–30°C) have moderate NDVI and EVI 
values between −0.2 and 0.2.

Analysis of CI

Table 11 presents the CI calculated for bare 
land, built-up area and vegetation. The analysis 
suggests that the increasing LSTs are largely at-
tributable to the built-up areas due to the highest 
CIs of 0.08 in 1984, 0.14 in 2002, 0.67 in 2013 and 
0.35 in 2019. Conversely, vegetation had a cool-
ing influence and negative contribution to LST as 
evident in the CIs of −0.10 in 1984, −0.19 in 2002, 
−0.68 in 2013 and −0.36 in 2019. The cooling in-
fluence of the vegetation is increasing over time 
while the warming influence of built-up areas is 
also increasing.

In 2013, vegetation recorded its highest cooling 
influence. However, between 1984 and 2002 there 
was no significant cooling influence of vegetation 
on the LST. This is confirmed by the depletion of 
vegetation in the lagoon environment within the 
same period. Remarkably, while the CI value for 
vegetation was declining from 2003, that of built-
up areas was increasing (Fig. 12). This indicates 

that the cooling influence of vegetation reached 
its maximum in 2013 before it started declining. 
However, that of the built-up area followed the 
opposite trend. This implies that the cooling ef-
fect of the vegetation was very high between 2003 
and 2013 in the vegetation-covered areas but 
very low in the built-up areas. Possibly this could 
be a result of the tree greening programmes en-
forced by the Lagos State Government to create 
more green areas by planting trees and expand-
ing the green environment in Lagos State gen-
erally (Adegboye 2013, Soladoye, Oromakinde 
2013). The 2013 tree planting campaign was the 
fifth anniversary of tree planting initiated by the 
state government since 2008. A possible expla-
nation for the reduction in built-up area CI be-
tween 2013 and 2019 is the influence of sea breeze 
which conditions the climates of coastal urban 
areas, leading to incidence of low temperatures 
in coastal areas (Ferrelli et al. 2018). Interestingly, 
a point of intersection was observed (Fig. 12) in 

Table 11. Contribution index (CI).

Land Cover
1984 2002 2013 2019

Dt [ºC] S CI Dt [ºC] S CI Dt [ºC] S CI Dt [ºC] S CI
Bare Land 2.63 0.00 0.01 1.72 0.03 0.05 2.34 0.01 0.02 0.77 0.01 0.01
Built-up Area 3.71 0.02 0.08 1.91 0.07 0.14 2.88 0.23 0.67 1.40 0.25 0.35
Vegetation −0.13 0.74 −0.10 −0.28 0.67 −0.19 −1.26 0.54 −0.68 −0.68 0.52 −0.36

Fig. 12. CI plot of vegetation against built-up areas 
between 1984 and 2019.

Fig. 13. CI plot of vegetation against bare land 
between 1984 and 2019.
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2005 with CI value of approximately −0.3 and 
0.2 for vegetation and built-up area, respectively. 
This proposes a critical point of decision because 
in 2019 the same value is almost becoming the 
intersection point. This needs to be further inves-
tigated to initiate a decision plan for positive ac-
tion in the lagoon environment.

Conversely, the relationship between the CI 
value of vegetation and bare land shows that 
bare land had almost no significant contribution 
to the cooling effect in the study area (Fig. 13). 
However, in 2003 while the cooling effect by the 
vegetation began to increase, that of bare land 
was decreasing very slowly until it reached a 
peak of zero in 2019.

Trend Analysis

Table 12 presents the mean LST, NDVI and 
EVI across the years, which were variables in 

the trend analysis. At 90% confidence interval, 
i.e. p-value = 0.10, there is a significant upward 
trend in the LST values over the years across 
the study area with the Mann-Kendall statistic 
(S) of 6 and significance value lower than 0.10. 
Further trend analysis was carried out for indi-
vidual land cover classes. The parameters LST, 
NDVI and EVI appear to have an upward trend 
in the bare land class with S value of 6 and sig-
nificance value 0.042. The LST, NDVI and EVI do 
not follow an upward trend across the years for 
built-up areas. The LST follows an upward trend 
across the years in the vegetated area but not the 
NDVI and EVI. Sen’s estimate of slope (Qmed) 
shows that the mean LST increases by 0.178°C 
annually in the Lagos Lagoon environment. 
When considered on a land cover class basis, 
the bare land mean LST increases by 0.115°C a−1, 
the mean NDVI and mean EVI by 0.006 a−1 and 
0.003 a−1, respectively.

Conclusions

The results from this study reveal wide spa-
tial variability in the Lagos Lagoon environment, 
the system has changed considerably from an 
environment dominated by natural vegetation of 
about 74.05% of the study area in 1984 suddenly 
to 52.32% in 2019. The environment surrounding 
the lagoon has largely and rapidly transformed 
from a vegetation dominated system to one 
sprawling with urban areas. This inference is in 
agreement with the submission of Ji et al. (2001), 
who confirmed that such changes are a common 
occurrence where urban development occurs 
with the depletion of the natural ecosystem. 
Hence, the rate of urban expansion aligns with 
the depletion of the natural vegetation, which is 
area-dependent. It was found that the vegetation 
in the study area has declined from 1321.78 km2 
to 933.83 km2 between 1984 and 2019 at an an-
nual declining rate of 11.08 km2 a−1. Within the 
same period, the built-up areas increased from 
40.77 km2 to 441.49 km2, at an annual increasing 
rate of 11.44 km2 a−1. Regarding the spatial distri-
bution of NDVI, an increase in vegetation green-
ness (consistent and most likely positive trends) 
was mostly observed in 2013 along Ibeju Lekki, 
Epe and part of Ikorodu. This increase in the pho-
tosynthetic activity agrees with the global general 

Table 12. Trend Analysis using the Mann-Kendall 
test.

Category Time Mean 
LST [ºC]

Mean 
NDVI [-]

Mean 
EVI [-]

All land 
cover 
classes

1984 22.680* 0.370* 0.270*
2002 24.340* 0.520* 0.320*
2013 26.460* 0.600* 0.370*
2019 28.400* 0.470* 0.280*

S 6 2 2
Sig. 0.042* 0.375* 0.375*
Qmed 0.178* – –

Bare land 1984 25.310* 0.130* 0.100*
2002 26.060* 0.250* 0.160*
2013 28.800* 0.250* 0.180*
2019 29.170* 0.290* 0.190*

S 6 6 6
Sig. 0.042* 0.042* 0.042*
Qmed 0.115* 0.006* 0.003*

Built-up 
area

1984 26.390* 0.140* 0.100*
2002 26.250* 0.260* 0.160*
2013 29.340* 0.370* 0.230*
2019 29.800* 0.270* 0.160*

S 4 4 3
Sig. 0.167* 0.167* 0.375*
Qmed – – –

Vegeta-
tion

1984 22.550* 0.380* 0.270*
2002 24.060* 0.560* 0.350*
2013 25.200* 0.700* 0.430*
2019 27.720* 0.560* 0.340*

S 6 4 2
Sig. 0.042* 0.167* 0.375*
Qmed 0.126* – –
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trend observed due to the increase in forested ar-
eas, increased atmospheric nitrogen deposition, 
the juvenile age structure, CO2 fertilisation and 
climate change (Luyssaert et al. 2010). NDVI in-
creases along the three areas mentioned above 
could be aligned with the constant release of 
water from upland dams such as the Oyan dam 
in Ogun State which flow to cover most of these 
areas and nourish the environment for increased 
productivity. A huge decrease in NDVI was ex-
perienced in 2019 along Shomolu, Lagos Island 
and Lagos Mainland, and the trend spreads to 
Kosofe, Ikorodu and Eti-Osa. This might be re-
lated to urban expansion and destruction of the 
green areas in the struggle to get spaces for stalls 
by the small-scale business enterprises.

It was observed that the built-up areas were 
the major contributor to the warming of the 
ecosystem whereas the areas of vegetation had 
a cooling effect. This confirms the influence of 
vegetation and natural cover in mitigating the in-
tensity and spread of UHIs. The inference from 
the results of LST in LGAs such as Lagos Island, 
Somolu, Kosofe and Lagos Mainland justified the 
high rate of urban heat that is being experienced 
in these areas. The present results of the land cov-
er investigation around the Lagos Lagoon envi-
ronment are also suggestive of reductions in hab-
itat availability. These are not enough to assess 
the damage or the impact on a holistic system, 
even though there is evidence that some areas 
appear not to have a visible effect in terms of veg-
etation disappearance. However, it does not indi-
cate that there was no change even though such 
changes might be very small. Future research 
should integrate the method in this study with 
ecological factors for a very robust investigation 
to capture temporal changes. Consequently, to 
reduce the extent of the disappearance of the 
coastal environments in the area to natural caus-
es, some measures must be administered such 
as buffer areas for regional coastal reserves in 
Nigeria coastal zone as suggested for the United 
States of America in Luque (2000). This will help 
in considering ways of recovering and preserv-
ing the natural vegetation since retaining bio-
diversity aesthetic values and water quality are 
as important as providing services for human 
development. Finally, the government needs to 
plan green areas that will serve to cushion the ef-
fect of the increased urban heat.
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