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Introduction 

Numerous changes in land use and land cover 

have occurred during the past three decades as a result 

of the fast population growth and development of 

urbanization in both developed and developing regions 

of the world (Dijkstra et al., 2019; Adedeji et al., 2020; 

Zheng et al., 2021). Globally, urban areas have 

generally grown in size and quantity, which has 

resulted in the loss of natural and semi-natural lands 

(Chen et al., 2017). Approximately, 50% of the world's  
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population, which is predicted to rise to more than 70% 

by the year 2050, would live in urban areas, according 

to estimations and projections from a number of 

organizations, including the United Nations (United 

Nations, 2018). In emerging nations around the world, 

notably in Africa and Asia, a large portion of the 

projected rapid urban population expansion is 

anticipated to take place in metropolitan and small 

cities (cities with a population of less than 0.5 million). 

However, it becomes expedient to highlight that 

urbanization is primarily tied to economic development 

as well as population increase among others. 

Interestingly, studies have shown that the city 

development model can have an impact on both the 
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Abstract 

In the face of escalating environmental challenges, the change in Land Use 

dynamics emerges as critical and persistent significant threat, profoundly 

impacting the stability of eco-biodiversity and food security challenges, 

especially in developing nations. This study examines the effect of land use/land 

cover changes (LULCCs) in Ijebu ode, Ogun State, Nigeria using Landsat 

Thematic Mapper (TM) and Landsat Operational Land Images (OLI) captured 

from United State Geological Survey repository. Herein, LULCCs maps for 2005, 

2010, 2015, and 2020 including Normalized Difference Vegetation Index and 

Normalized Difference Built-up Index (NDBI) were examined to retrieve Land 

surface temperature of the area through Single-channel algorithm (SCA) method 

in order to detect the extent of degradation, contributing to the discourse on 

environmental sustainability. The results revealed the quantitative and qualitative 

environmental changes in the area, highlighting unprecedented built-up with an 

increase of 150.25 % while the non-built-up areas decreased by -56.77 % during 

the period of study. Undeniably, satellite remote-sensed data offers valuable tools 

to provide ecological information for urban sustainability. This study underscores 

the urgent attention from society, government, and stakeholders to manage 

population growth and balance human needs for a sustainable environment, 

thereby contributing to the broader goal of environmental sustainability. 
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environment and economic development (Wu et al., 

2016; Ogunjobi et al., 2018; Li et al., 2020; Liu et al., 

2022). 

On one hand, urban population growth remains the 

driving force behind land use/and cover changes 

(LULCCs) which often resulted to urbanization due to 

the rapid growth of built-up areas, gradual to sudden 

increase in Impervious Surface Areas (ISAs), and a 

notable decrease in the area of agriculture, parks and 

gardens, water bodies, and wasteland (Wu et al., 2016; 

Ogunjobi et al., 2018; Zhang et al., 2022). These 

changes have significantly brought about a number of 

related global climate shocks and environmental 

changes in many regions of the world, including rising 

temperatures, declining urban air quality, and the 

Urban Heat Island (UHI) phenomenon (Chen et al., 

2017; He et al., 2020; Yin et al., 2022). According to 

Oke (1987), an UHI is when the air and surface 

temperatures are higher in an urban area or 

metropolitan area than they are in a rural location. 

Although significant changes in the Urban Thermal 

Environment (UTE) and climate change variables, such 

as a decline in evapotranspiration and a differential 

land surface temperature (LST) between urban and 

suburban or nearby rural areas, have been brought on 

by rapid changes in urban LULCC patterns (Sun et al., 

2012; Estoque et al., 2017; Rasul et al. 2017; 

Ranagalage et al., 2018; Chen et al., 2022). Besides, 

Land Surface Temperature (LST) have retained its 

potential ability and reliability to detect and monitor 

changes in Surface Urban Heat Island (SUHI) (Voogt 

and Oke, 2003; Li et al., 2013; Chen et al., 2017; Farid 

et al., 2022). Additionally, LST is sensitive to a variety 

of land surface characteristics especially regions with 

persistent expansion as a result of urbanization-related 

activities which often disrupt the ecosystem's ambient 

habitat for people and other living things (Voogt and 

Oke, 2003; Khandelwal et al., 2018; Kasim et al., 2020; 

Liu et al., 2021; Zhang et al., 2022). More importantly, 

LST have also been demonstrated to assess quick 

changes in surface temperature over time and space 

(Chen et al., 2017; Neog, 2021; Farid et al., 2022), 

thereby monitoring the eco-biodiversity changes and 

imbalances and thus mitigating on environmental 

health threats on food production (He et al., 2020). For 

these reasons, it is important to comprehend and 

enhance the urban thermal environment (Tiwari and 

Joshi, 2015; Liu et al., 2021) and having a solid 

understanding of LST is essential for many 

applications in cities and the environment because it 

offers adequate details on the temporal and spatial 

fluctuations of the surface equilibrium state 

(Orimoloye et al., 2018; Li et al., 2020; Zhang et al., 

2022; Aigbokhan et al., 2023). Therefore, an attempt to 

assess qualitative and quantitative changes in Ijebu-

Ode, Ogun state, Nigeria through NDBI, NDVI, and 

LST sandwiched with spatial LULCCs have been 

amply applied to assess urban degradation.  

Methods and Materials 

Description of study area 

Ijebu-ode is a city in Ogun State, Nigeria's 

southwest. It is located between latitudes (6o42ʹN - 

6o54ʹN) and Longitudes (3o55ʹE - 4o56ʹE), (Fig 1.) 

covering a total area of 8651.91hectares (86.52 sqkm), 

with the majority of the area being below 150 meters 

above sea level with annual rainfall ranging from 1575 

mm to 2340 mm. The humid tropical climate of Ijebu-

ode and its surrounding areas is characterized by 

alternate wet and dry season seasons. The parent 

materials of the studied area possessed basement rocks 

and sedimentary inclusion (Oke, 1987). However, 

rapid modification of the natural geomorphology and 

changes in land use cover of the region reveals its 

susceptibility to flash and pluvial flooding 

(Nkwunonwo et al. 2023). Consequently, with the 

increasing economic growth and socio-cultural 

activities, the region has been witnessing a significant 

expansion in industrialization and urbanization. The 

study area - Ijebu-ode was chosen due to its 

unprecedented and rapid urbanization over the last 20 

years, which has been accompanied by rapid urban 

expansion and economic growth (Tiwari and Joshi, 

2015). The city has encroached on other towns and 

villages in the surrounding area located approximately 

110 km by road north-east of Lagos which highlight the 

country's commercial hub. Ijebu-ode is the second 

largest city in Ogun State, Nigeria, after the state 

capital, Abeokuta. According to the 2006 population 

census, the city has approximately 222,700 residents 

(NPC. 2006). According to the World Population 

Statistics by the Population HUB (2022), the current. 
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Fig. 1: Nigeria map within Ogun state (b) Generalized map of Ogun state enclosing the study area (c) 

Study area showing Google Earth image captured on 13 April 2020 

population is estimated to be 403,836, making Ijebu-

Ode one of 40 cities in Nigeria and ranking 25 in the 

Nigeria population 

The methods 

Landsat 5 Thematic Mapper (TM) and 8 

Operational land images (OLI) acquired from 2005, 

2010, 2015, and 2020 were prepared to explore the 

LULCCs of the area. The repositories of the United 

States Geological Survey (USGS) through 191 (path) 

and 55 (row) was utilized to download the satellite 

images to a resolution of 30 meters (m). The images 

were pre-referenced to World Geographic System 

(WGS) 84/UTM (Universal Transverse Mercator) 

Zone 31 North and masked through ArcGIS 10.5 

software to avoid cloud patches (Orimoloye et al., 

2018). After pre-processing, nearest-neighbour and 

second-order polynomial operations were applied to 

co-register the satellite images with a mean less than 

0.5 pixels (Chen et al., 2017). Table 1 provides further 

detail on the specifications of the utilized Landsat 

images. 

The processed Landsat were combined to create 

multiband-images, which was applied to produce the 

LULCC maps of the area. Firstly, the LULCCs maps 

were monitored based on the unsupervised using K-

means algorithm and thereafter subjected to Maximum 

likelihood supervised classification algorithm through 

IDRISI Selva software. The essence of these operations 

is due to the large extent of the studied area in order to 

obtain high accuracy and potential ability to classify 

satellite imagery into different land use cover classes 

(Tobore et al. 2024). Therefore, we identified four 

classes namely Builtup: (Residential, commercial, and 

industrial), Waterbodies: (Rivers and streams), 

Vegetation: (Dense, and sparse forest); and bareground 

(impervious surface). The terrestrial reality control 

sampling points combined with Google Earth images 

were set at a random to check the accuracy of the 

LULCC maps.
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Satellite based environmental degradation 

Normalized difference vegetation index (NDVI) 

Although there are several vegetation indices, 

each with its own set of strengths and weaknesses 

(Loranty et al., 2018; Huang et al., 2021), the 

Normalized difference vegetation index (NDVI) is the 

most commonly used index for vegetation assessment. 

It is used to distinguish healthier vegetation, which 

reproduces exceptionally well in the near portion of UV 

EMR (full meaning). NDVI is based on the fact that 

vegetation absorbs strongly in the red band and reflects 

strongly in the near-infrared band (Wu et al., 2016). 

The NDVI scale runs from -1 to 1. The values are 

positive for vegetation such as crops, shrubs, grasses, 

and forests and near zero or negative for non-vegetated 

areas such as built-up areas and concrete surfaces, 

rocks, and sand (Huang et al., 2021; Zheng et al., 

2021). It is calculated using equation (1) for Landsat-5 

TM and Landsat-8 OLI respectively: 

REDNIR

REDNIR
NDVI 





     1  

where NDVI = normalized difference 

vegetation index, ρNIR is the surface reflectance of 

band 4, and ρRed is the surface reflectance of band 3 in 

Landsat 5 and 7, and band 5 and band 4 in Landsat 8). 

Normalized difference built up index (NDBI) 

The normalized difference built up index (NDBI) 

was used to distinguish between built up and unbuilt 

pixels in the study area, and it was validated by land 

use/land cover maps generated over three different time 

periods (2005, 2010, 2015, and 2020). NDBI was 

created by using mid-infrared (MIR) and near-infrared 

(NIR) bands to differentiate built-up pixels based on 

pixel radiance values (Liu et al., 2021). Built-up lands 

have higher reflectance in the MIR wavelength range 

(1.55~1.75μm) than in the NIR wavelength range (0.76 

~ 0.90μm) when compared to other land use / land 

cover surfaces. The NDBI values were calculated using 

the method described by Zha et al. (2003) in equation 

(2): 

NIRMIR

NIRMIR
NDBI




     2 

where NDBI is the dimensionless normalized 

difference build-up index, MIR is Band 5 in Landsat 

TM, and Band 6 in Landsat 8. In Landsat TM, NIR is 
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Band 4 and in Landsat 8, it is Band 5. NDBI values 

ranging from 0 to (positive) +1 indicate built-up land, 

while values closer to 1 indicate densely built-up land 

(Zha et al., 2003; He et al., 2020; Choudhury et al., 

2019; Zheng et al., 2021). It should be noted that the 

reflectance of built-up areas is higher in the MIR 

wavelength range (1.55 ~ 1.75μm) than in the NIR 

wavelength range (0.76 ~ 0.90μm). In general, a higher 

proportion of built-up and bare soil is indicated by a 

positive value. Other land uses were represented by 

negative values. 

Impervious surface area (ISA)  

The impervious surface area (ISA) for the study 

area was calculated in ArcGIS using Rasul et al. 

(2017). The term "impervious surface areas" refers to 

urban built-up areas and the man-made coverings and 

constructions (Rasul et al., 2017). ISA is calculated 

from the following equation (3):  

 devFISA  1       3  

where F = Pv, while dev indicates that the quantity is 

only defined for urban developed regions. 

Pv is calculated using the equation (4): 

















minmax

min

2

NDVINDVI

NDVINDVIPv
   4 

where NDVI is the normalized difference vegetation 

index. NDVImin and NDVImax are the minimum and 

maximum values of the NDVI, respectively.  

LST Retrieval from Landsat-5 and Landsat-8  

Through the development of various algorithms, 

there have been significant improvements in the 

estimation of LST from satellite TIR (Thermal 

Infrared) sensors measurements over the last several 

decades. The Mono Window Algorithm (MWA), 

Single Channel Algorithm (SCA), Split Window 

Algorithm (SWA), Radiative Transfer Equation (RTE), 

and NDVI-based LSE (Land surface emissivity) 

Algorithm have all been used to estimate LST from 

Landsat data (Sobrino et al., 2008). The NDVI-based 

LSE method used in this study is the most commonly 

used method in LST retrieval because it is simple to 

compute and produces good results (Sobrino et al., 

2008). The current study used an NDVI-based LSE 

method to estimate LST. 

Retrieval of Satellite Brightness Temperature (BT) 

from the Landsat-5 Images 

Satellite imagery, according to Li et al. (2015), 

measures the radiance of surface features modified by 

the atmosphere. The LST for the various study periods 

were obtained using single-channel (SC) algorithms 

based on known LSE. LST was extracted from Landsat 

5 TM images' thermal data from sensors with a single 

TIR channel. To retrieve the LST more accurately, 

radiometric calibration, atmospheric, and emissivity 

corrections were performed (Qin et al., 2001). The 

brightness temperature was extracted from Landsat-5 

TM (Thematic Mapper) images in two steps. The 

digital numbers (DNs) of band 6 were first converted 

into radiation luminance (RTM6) using the following 

equations (5, 6, and 7): 

  RRRR
V

TM minminmax6 255
    5 

where V represents the DN of band 6, and 

 ,**896.1 12

max

 srcmmWR    6 

 12

min
**1534.0  srcmmWR    7 

Radiation luminance was then transformed into 

satellite Brightness Temperature (BT) in Celsius (°C), 

using equation (8): 

  
5.273

1/K2/In

1

TM6





bR

K
BT    8 

where K1 = 1260.56 and K2 = 607.66 (mW∗cm-2 ∗ sr-1 

μm-1), which are prelaunch calibration constants under 

an assumption of unity emissivity; and b represents the 

effective spectral range when the sensor’s response is 

considerably higher than 50%, b = 1.239 (μm). 

Furthermore, retrieval of satellite Brightness 

Temperature (BT) from the Landsat-8 Image assisted 

to produce the normalized difference vegetation index 

(NDVI) to estimate LST. The first step is to use the 

formula in equation (1) to calculate the NDVI for the 

study periods. The next step is to convert the DN of the 

thermal infrared band to spectral radiance (L) or TOA 

(Top of Atmospheric) spectral radiance using equation 

(9) from the Landsat 8 user's handbook (USGS, 2016): 

AQML LCALL
 *


      9 

where: Lλ is the at-sensor spectral radiance in watts/ 

(m2∗ster∗μm), 

Qcal are the quantized and calibrated standard product 

pixel values,  
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ML is the band-specific multiplicative rescaling factor 

from the metadata, and  

AL is the band-specific additive rescaling factor 

After the band radiance is then converted into BT 

in Celsius using equation (10):  

  
15.273

1/1

2





LKLn

K
BT     10 

where BT denotes the satellite brightness temperature 

in Celsius and K1 and K2 denote thermal conversion 

from metadata. Landsat 8 bands 10 was considered. K2 

= 1321.08 and K1 = 774.89 (mW∗cm-2 ∗ sr-1 μm-1) for 

Band 10, while K2 = 1201.14 and K1 = 480.89 

(mW∗cm-2 ∗ sr-1 μm-1). These are the prelaunch 

calibration constants assuming unity emissivity.  

Land surface emissivity (ε) values were obtained 

using equation (11) (Sobrino et al., 2008)  

nPvm  *      11 

In this study, we used m = 0.004 and n = 0.986.  

Correction of emissivity was done before the retrieval 

of the LST to remove errors in surface temperature. 

Finally, the LSTs were extracted for the study period 

using equation (12): 

     InpBT

BT
LST

*/*1
    12 

where LST is Celsius, BT is the at sensor brightness 

temperature in Celsius, λ (11.5 μm) is the wavelength 

of the emitted radiance: ρ = h∗c/σ = 1.438∗10-2 mK, σ 

is the Stefan–Boltzmann constant, h is Planck’s 

constant, c is the velocity of light, and ε is the land 

surface emissivity (LSE). 

Statistical Analysis of Landscape Indices (LST, 

NDVI and NDBI) 

Correlations between calculated LST, NDVI, and 

NDBI were calculated using 2500 randomly generated 

points in ArcGIS using the random point’s tool. After 

that, the multi values to point tool in ArcGIS was used 

to extract values from the LST, NDVI, and NDBI 

layers for the study periods 2005, 2010, 2015, and 

2020. Finally, scatterplots for the relationships were 

created. A stepwise workflow has been described in 

Fig. 2.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2: Flowchart of the methodology for the current study 
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Results  

Understanding the science of LULCC change is 

essential for mitigating consequences of human and 

environmental interactions that reshape the earth 

surface (Tobore et al., 2024). Table 2 illustrates the 

relative distribution of land use/land cover classes in 

Ijebu-ode in 2005, 2010, 2015, and 2020. In this study, 

four land use/land cover categories were identified 

using Maximum likelihood classification (MLC): built-

up area, bareground, vegetation, and water body. Fig. 3 

depicted the classified images of the study area during 

the reference period. The built-up area grew as a result 

of rising population and infrastructure development in 

the studied area. Bareground experienced both positive 

and negative changes during the study under review. 

During the study period, the proportion of 

bareground was 592.83 ha (6.85%), 254.38 ha (2.94%), 

149.81 ha (1.73%), and 259.87 ha (3.00%), 

respectively (Fig. 4). These substantial changes could 

be attributed to activities such as farming, 

deforestation, indiscriminate bush burning, and the 

rapid urbanization of built-up areas. Over the last 15 

years, there has been a significant change in land 

use/land cover in the study area. In 2005, vegetation 

had a 64.23% share of the land cover, followed by 

built-up areas (about 27.44%), bare ground (6.85%), 

and water bodies (1.48%). The vegetation and 

agricultural lands were observed to have a significant 

reduction in area covered from 5557 hectares in 2005 

to 2307.8 hectares by 2020. During the same time 

period, built-up area increased by 150.25%, from 

2374.30 hectares to 5941.62 hectares. Table 1 shows 

the changes in area under different land use/land cover 

classes in Ijebu-ode during the study period. The 

Normalized Difference Vegetation Index (NDVI), 

which is the sum of vegetation and quality at the earth's 

surface, is shown for the study area (Fig. 4).  NDVI 

values range from -1 to +1, with higher NDVI values 

indicating richer and healthier vegetative cover. The 

values are negative for bodies of water and close to zero 

for bare surfaces, rocks, sands, or concrete surfaces. In 

2005, 2010, 2015, and 2020, the distribution range and 

corresponding mean value of the NDVI ranged from -

0.10 to 0.26 with a mean of 0.12, -0.126 to 0.884 with 

a mean of 0.526, and -0.164 to 0.854 with a mean of 

0.473, respectively. The changes in built-up areas in the 

study area were assessed by creating NDBI maps of 

study periods. The results of the NDBI and NDVI were 

used to compute the ISA or the built-up areas as shown 

in Figs. 5 and 6. The minimum and maximum NDBI 

values were -0.080 and 0.393 in 2005, 0.050 and 0.487 

in 2010, -0.196 and 0.072 in 2015, and -0.257 and 

0.167 in 2020.  

The spatial distribution of LSTs in the study area 

was calculated using the Landsat thermal band for the 

study periods 2005, 2010, 2010, and 2020 (Fig. 7). The 

areas with the highest LST are shown in dark red, while 

the areas with the lowest LST are shown in blue. The 

study found that the LST pattern varies significantly 

throughout the study period. The spatial distribution 

clearly showed that built-up areas and baregrounds had 

higher LST than vegetation and water bodies. The 

temperature ranged from 19.73 ºC to 26.25 ºC in 2005, 

with a mean LST of 22.17ºC. Although the spatial 

pattern of LST in the study area did not change 

significantly between 2015 and 2020, there was a 

general increase in the overall mean temperature as the 

rate of urbanization increased, with the mean LST for 

2020 being 26.62 ºC, representing a 4.60 ºC increase 

and the temperature ranging between 23.08 ºC and 

30.56 ºC. LSTs were ranked in the following order: 

built-up > bareground > vegetation > water bodies. 

    Table 2: land use/land cover classes of Ijebu-ode in 2005, 2010, 2015 and 2020 

         Ha =  Hectare 

LULC        2005          2010        2015         2020 

 Ha % Ha % Ha % Ha % 

Built-up 2374.30 27.44 3088.35 35.68 4758.65 54.97 5941.62 68.65 

Vegetation 5557.08 64.23 4725.27 54.58 3629.78 41.93 2307.78 26.66 

Bareground 592.83 6.85 254.38 2.94 149.81 1.73 259.87 3.00 

Water bodies 127.70 1.48 588.90 6.80 118.87 1.37 146.29 1.69 

Total 8651.91 100.00 8656.90 100.00 8657.11 100.00 8655.56 100.00 
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Fig. 3: Land use/Land cover maps of Ijebu-ode on December 18 2005, January 01 2010, January 06 2015 

and January 04 2020 

 

 

Fig. 4: Percentages of land cover types in different years in Ijebu-ode 
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Table 3: Changes in area under different LULCC classes in Ijebu-ode (2005-2020) 

Land use/land cover 

classes 

Area in Hectares Rate of change 

2005 2010 2015 2020 2005-

2010 

2010-

2015 

2015-

2020 

2005-

2020 

Built-up 2374.3 3088.35 4758.65 5941.62 30.07 54.08 24.86 150.25 

Vegetation 5557.08 4725.27 3629.78 2307.78 -14.97 -23.18 -36.42 -58.47 

Bareground 592.83 254.38 149.81 259.87 -57.09 -41.11 73.47 -56.17 

Water bodies 127.7 588.9 118.87 146.29 361.16 -79.82 23.07 14.58 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5: NDVI maps of Ijebu-ode on December 18 2005, January 01 2010, January 06 2015 and January 04 

2020 
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Fig. 6: ISA / built-up area maps of Ijebu-ode on December 18 2005, January 01 2010, January 06 2015 

and January 04 2020 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7: Spatiotemporal patterns of land surface temperature (LST) in Ijebu-ode city on December 18 2005, 

January 01 2010, January 06 2015 and January 04 2020 
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Discussion  

It has been stated that land cover is the observed 

physical features on the Earth's surface that changes 

into a land use when an economic function is added to 

it (Singh, 2016). The rapid pace of urbanization has 

resulted in an increase in city size, which has resulted 

in significant changes in LULC (Li et al., 2017; 

Khandelwal et al., 2018; Adedeji et al., 2020; Imran 

and Mehmood, 2020; Aigbokhan et al., 2023). 

Urbanization has allowed Ijebu-ode to sprawl freely, 

particularly in the surrounding rural areas, culminating 

in its gradual encroachment on vast forested areas and 

farm land, posing climatic and hydrogeological risks, 

such as flooding and erosion (Neog, 2021). As the city's 

population has grown over time, it has seen 

unprecedented growth in ISA in the form of residential, 

commercial, industrial, transportation network, and 

parking lots (Alkaradaghi et al., 2019), which 

influences the city's local climate (Estoque et al., 2017; 

He et al., 2020; Yin et al., 2022). In 2005, Ijebu-ode 

had high vegetation densities in the surrounding areas, 

with NDVI value of 0.266, in contrast to the city's 

central region, which had a low vegetation density class 

index of -0.102. Higher NDVI values typically indicate 

a greater fraction of vegetation in a pixel, and studies 

have shown that as vegetation increases, so do NDVI 

values (Huang et al., 2021; Farid et al., 2022). The 

areas with the most forest had the highest mean NDVI, 

whereas the areas with the least vegetation, particularly 

in the central parts, had the lowest mean NDVI. More 

of the city was dominated by sparse vegetation density 

in 2020, with values of 0.048 and 0.357. This 

demonstrates how vegetation density changes between 

2005 and 2020 as a result of the area's reduction in 

vegetation due to built-up (Huang et al., 2021).  The 

NDBI results showed gradual increase in built-up areas 

and high LST. In addition, Table 4 shows the land 

cover categories in terms of built-up and non-built-up 

and it revealed that the built-up significanstly increased 

by 150.25 % while the non-built-up correspondingly 

decreased by -56.77 % during the period of study. This 

also indicated that built-up areas or urbanization create 

much more surface temperature variations. Kasim et al. 

(2020) corroborated this in a study of land use, land 

cover change, and land surface emissivity in Ibadan, 

Nigeria. Several studies have found that high 

temperature anomalies are closely associated with 

built-up land, densely populated zones, and heavily 

industrialised areas (Zheng et al., 2021). Between 2005 

and 2020, there has been a noticeable increase in the 

number of ISAs, which is likely to influence the local 

climate. The expansion of impervious surfaces as a 

result of urban expansion will raise the LST, potentially 

causing uneven distribution of urban heat (Zheng et al., 

2021). According to Yuan and Bauer (2007), LST 

measurements typically represent the radiometric 

temperatures of vegetated and non-vegetated surfaces, 

primarily impervious surfaces, in the study site's 

urbanized area where bare soil is limited. It can be seen 

that changes in the LST over time correspond to rapid 

changes in land use/land cover. Due to rapid urban 

expansion and population growth during the study 

period, the changing LULC dynamics have a 

significant impact on the distribution of the LST (Sun 

et al., 2012; Li et al., 2015; Choudhury et al. 2019; Yin 

et al., 2022). In a similar study in Lahore, Pakistan, 

Farid et al. (2022) discovered that urbanization has 

influenced LST, and that maximum LST consistently 

increased with increase in built-up land. It is 

undeniable that deforestation caused by rapid 

urbanization has contributed to increased LST and 

greenhouse gas emissions, thereby impacting climate 

change (Choudhury et al. 2019; Yin et al., 2022).

 

Table 4: Land cover categories in terms of built-up and non-built-up in Ijebu-ode (2005-2020) 

Land cover 

categories 

Land cover area (Ha) Growth Rate (%) 

 2005 2010 2015 2020 2005-2020 

Built-up 2374.3 3088.35 4758.65 5941.62 150.25 

Non-built-up 6277.61 5568.55 3898.46 2713.94 -56.77 
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Mukherjee and Singh (2020) found a negative 

correlation between the NDVI and LST in cities with 

increasing temperatures of 2.13°C per decade in their 

study of spatial and temporal changes in land use and 

vegetation patterns and their impact on LST in two 

Indian cities. LST is determined by the latent heat flux 

from the surface to the atmosphere via 

evapotranspiration, and lower LSTs are mostly found 

in areas with high NDVI (Yuan and Bauer, 2007; 

Mukherjee and Singh, 2020; Farid et al., 2022). The 

unprecedented urban development and population 

growth in Ijebu-ode city have resulted in the 

replacement of natural land surfaces by ISAs such as 

asphalt roads, residential and industrial buildings, and 

other forms of construction, causing major land use 

changes that have contributed to the rise in urban 

temperature (Rasul et al., 2017; Mukherjee and Singh, 

2020; Imran et al., 2021; Yang et al., 2020; Zhang et 

al., 2022).  

Buildings and paved surfaces in urban areas also 

tend to cause greater infrared radiation retention and 

delayed heat release (Orimoloye et al., 2018; 

Mukherjee and Singh, 2020). Furthermore, Rasul et al. 

(2017) discovered that asphalt parking lots have their 

own microclimate due to their low thermal 

conductivity and albedo. Building density has also been 

identified as a significant influence of LST (Li et al., 

2017). The built-up areas (primarily commercial and 

residential) in the study area were found to have high 

LST due to very low vegetation cover and the fact that 

radiations are trapped by the various building and 

construction materials used. This is supported by 

previous research findings (Zhang et al., 2017; Yang et 

al., 2020; Imran et al., 2021). LST has frequently been 

discovered to be closely related to the percentage of 

ISA in urban areas (Yuan and Bauer, 2007; Yang et al., 

2020). Guo et al. (2019) reported an 8% increase in 

ISAs from 2005 to 2015 in Beijing, China, resulting in 

an ISA mean LST of about 2°C. Low LST is observed 

in all study periods in the study area's periphery due to 

the abundance of vegetal cover, which helps to trap 

moisture (Estoque et al., 2017; Liu et al., 2022). 

Furthermore, vegetation lowers surface temperatures 

by providing a shading layer that protects land surfaces 

from direct sunlight (Estoque et al., 2017; Lu et al., 

2020; Liu et al., 2022).  

Conclusions 

The effect of population density and land use land 

cover changes on the development of land surface 

temperature (LST) in Ijebu-ode, Nigeria, was studied 

for the years 2005, 2010, 2015, and 2020. The study's 

findings revealed that significant changes in land 

use/land cover patterns occurred in the study area 

between 2005 and 2020. Vegetation (forest/farmland) 

was the dominant land cover in 2005, accounting for 

approximately 5557 hectares (64.23%), but it was 

mostly converted to urban built-up areas by 2020. In 

general, urban built area expanded at the expense of 

non-built-up land, indicating urban expansion caused 

by population growth. The spatial metrics results 

revealed that the extracted NDVI values were higher in 

semi-urban/rural areas during the study periods. The 

thermal environment, including land surface 

temperature, changes as urban populations grow and 

urban built-up areas expand. From 2005 to 2020, the 

study area saw an increase in the spatial distribution of 

LST, particularly in the city centre and spreading to 

surrounding areas where urban expansions are 

emerging. The surface temperature of Ijebu-ode City 

ranged from mean of 22.17 °C in 2005 to 26.62 °C in 

2020 showing an increase of 4.60 ºC.  The spatial 

distribution of LST in the study area clearly showed 

that built-up areas and baregrounds exhibited higher 

LST than vegetation due to their low thermal inertia 

and transpiration. This implied that vegetation cover 

reduces the Land Surface Temperature (LST) over the 

land surface; therefore, vegetative surfaces like urban 

parks, home gardens, and forest reserves should be 

promoted and preserved in the city.  
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