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Abstract

In an era of rapid urbanization, understanding the complex relationship between vegeta-
tion dynamics and land surface temperature (LST) is crucial for addressing the challeng-
es posed by urban heat island (UHI) and promoting sustainable urban development. Our 
study aimed to explore these dynamics in a rapidly urbanizing environment by analyzing 
the relationships between remote sensing-based vegetation indices and LST through 
quantitative analysis. A cloud-free Landsat 8 OLI/TIRS level 2 satellite imagery of Ibadan 
region city for 2022 was obtained from the United State Geological Survey (USGS) and 
LST was estimated using the radiative transfer approach. Utilizing different combina-
tions of spectral bands, seven vegetation indices including Normalized Difference Veg-
etation Index (NDVI), Soil Adjusted Vegetation Index (SAVI), Atmospherically Resistant 
Vegetation Index (ARVI), Green Normalized Difference Vegetation Index (GNDVI), Ratio 
Vegetation Index (RVI), Optimized Soil Adjusted Vegetation Index (OSAVI), and Green 
Chlorophyll Index (GCI) were analyzed. Combined with the spatial distribution of LST in 
Ibadan, regression analysis were performed to explore the relationship between vege-
tation indices and LST. Results indicate that among the seven vegetation indices, ARVI 
has the strongest correlation with LST in the study area (R2 = 0.65).  Additionally, urban 
cores experience lower vegetation density and higher LST values, which can be attribut-
ed to land use intensity, anthropogenic heat release, and impervious surface cover while 
the peripheral areas exhibit higher vegetation indices and lower LST values. The findings 
of this study contribute to a deeper understanding of urban environmental dynamics 
and provide valuable insights for sustainable urban planning, ecosystem management, 
and climate adaptation strategies in rapidly urbanizing areas.

Key words: ARVI, GCI, GNDVI, NDVI, OSAVI, RVI, SAVI, urban heat island

1. Introduction

The rapid pace of urbanization, projected by the United Nations to result in 
over 68% of the global population residing in urban areas by 2050 (United Na-
tions 2018), necessitates significant alterations in land use and land cover to 
accommodate the expanding urban population’s infrastructure needs. This ur-
ban expansion exerts an impact on the Earth’s surface energy balance, subse-
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quently influencing land surface temperature (LST) and leading to shifts in the 
micro-climate of the region (Wang et al. 2018; Gogoi et al. 2019; Guechi et al. 
2021). Changes in land use and land cover, particularly noticeable in urban areas 
where temperatures exceed those of surrounding vegetated and water-covered 
regions, have been linked to global temperature rises (Dontree 2010; Fashae et 
al. 2020; Tan et al. 2020). This phenomenon is attributed to significant reduc-
tions in green spaces and the greenhouse effect resulting from fuel combustion 
in transportation, commerce, manufacturing, and households (Dontree 2010; 
Kumar et al. 2012; Fashae et al. 2020). Thus, rapid urbanization is increasingly 
recognized as a significant global challenge due to its diverse socioeconomic 
and environmental consequences, including strains on infrastructure, ecological 
degradation, and the urban heat island effect (MacLachlan et al. 2017).

Urban heat island (UHI) is indeed a crucial aspect of urban climate change, 
with profound implications for human settlements within cities (Wei et al. 2008; 
Kumar and Shekhar 2015). This phenomenon occur where urban areas expe-
rience significantly higher temperatures compared to their surrounding rural 
areas (Brattebo and Booth 2003; Guechi et al. 2021). This temperature differen-
tial is primarily caused by human activities and modifications to the landscape, 
such as the proliferation of buildings, roads, and other impervious surfaces, 
which absorb and retain heat during the day and release it at night (Zaeemdar 
and Baycan 2017; Fashae et al. 2020). Additionally, the reduced vegetation cov-
er in urban areas diminishes the cooling effect of evapotranspiration, further 
intensifying the heat island effect (Das et al. 2020; Guechi et al. 2021). The 
UHI effect, characterized by elevated temperatures in cities, poses health risks, 
increases energy demand, diminishes outdoor comfort, intensifies climate 
change, and disrupts ecosystems (Grimmond 2007; Plocoste et al. 2014; Gue-
chi et al. 2021). LST is a critical parameter for understanding surface energy 
balance, urban heat island effects, and climate change impacts (Liu and Zhang 
2011).

In contrast to conventional observation methods utilized at meteorologi-
cal stations, remote sensing offers a powerful tool for monitoring LST across 
extensive areas with consistent spatial measurements. Remote sensing en-
ables comprehensive assessment of various Earth surface parameters over 
large spatial extents and temporal scales, facilitating insights into ecosys-
tem dynamics, land cover changes, and climate variability (Bhagyanagar et 
al. 2012; Firozjaei et al. 2019; Wang 2023). The relationship between remote 
sensing-based vegetation indices and LST has garnered significant attention 
in environmental research due to its pivotal role in elucidating the interactions 
between vegetation dynamics and surface temperature. Understanding the in-
teractions between vegetation dynamics and surface temperature is essential 
for ecosystem management, agricultural planning, urban development, and cli-
mate modeling efforts.

Many research studies have utilized various vegetation parameters, includ-
ing the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation 
Index (EVI), Green Normalized Difference Vegetation Index (GNDVI), Soil-Ad-
justed Vegetation Index (SAVI), Modified Soil-Adjusted Vegetation Index (MSA-
VI), Normalized Difference Built-up Index (NDBI), and Ratio Vegetation Index 
(RVI), to investigate the correlation between LST and vegetation (Yue et al. 
2007; Wei et al. 2008; Kumar and Shekhar 2015; Macarof et al. 2018; Guechi 
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et al. 2021; Aliyu et al. 2022; Ullah et al. 2023; Debele and Beketie 2024). De-
bele and Beketie (2024) explore the relationships between LST and its driving 
environmental factors in the Upper Awash Basin (UAB) of Ethiopia by utilizing 
Landsat 8 OLI/TIRS imagery and ASTER GDEM to generate LST and biophysical 
factors. The result obtained shows that increased LST was notably influenced 
by NDBI, while EVI showed negative correlation with LST. In another study by 
Guechi et al. (2020), the relationship between vegetation parameters and LST 
was examined using time-series of Landsat images TM, ETM+ and OLI/TIRS 
data in Algeria. The study reported that a strong negative correlation exists 
between NDVI, SAVI and LST while a strong positive correlation was found be-
tween NDBI and LST. Similarly, negative correlation between NDVI and LST was 
reported by other studies (Yue et al. 2007; Wei et al. 2008; Kumar and Shekhar 
2015; Ullah et al. 2023).

Quantitative analysis of the relationship between vegetation indices and LST 
offers valuable insights into the underlying processes driving ecosystem func-
tioning and surface temperature dynamics. By examining the spatial and tem-
poral patterns of vegetation indices and LST, researchers can identify spatially 
explicit vegetation-temperature relationships, assess ecosystem health and re-
silience, and monitor land surface changes over time. The NDVI, widely utilized 
in UHI studies, serves as a key indicator of vegetation abundance by leveraging 
remote sensing to assess the link between vegetation and LST. However, the 
nonlinear nature of NDVI suggests limitations in its suitability for quantitative 
analyses of vegetation in exploring the vegetation-LST relationship (Wei et al. 
2008; Schwarz et al. 2012; Kumar and Shekhar 2015). Consequently, there is a 
need for further calibration of the relationship between LST and NDVI. Addition-
ally, there is an emphasis on the importance of identifying a more suitable and 
robust indicator of vegetation abundance to replace NDVI in studies investigat-
ing the relationship between vegetation and LST (Kumar and Shekhar 2015).

The rapid and extensive urban expansion in Ibadan has significantly disrupt-
ed the landscape, leading to profound spatial and environmental changes. This 
expansion is evidenced by the increased built-up areas, population growth, and 
intensified commercial and transportation activities in the region. In this study, 
our objective is to investigate the relationship between remote sensing-based 
vegetation indices and land surface temperature through quantitative analysis 
within the context of Ibadan city, located in Oyo state, South-Western Nigeria. 
By integrating satellite imagery, geospatial analysis techniques, and statistical 
analysis, we aim to elucidate the intricate interactions between vegetation dy-
namics and surface temperature in a rapidly urbanizing environment.

2. Materials and Methods

2.1. Study area

The study area is Ibadan city, Oyo state in South-Western part of Nigeria. It is 
situated between latitude 7°02′49″N to 7°43′21″N and longitude 3°31′58″E to 
4°08′20″E with an elevation ranges from 180 m to 210 m above the mean sea 
level. The city has total area of 6,800 sq.km and a population of 3.8 million 
people as estimated in 2023 by Population Stat (2024). The climate in the study 
area is characterized by a tropical wet and dry climate, featuring a prolonged 
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wet season and relatively stable temperatures throughout the year. The city 
maintains an average annual temperature of 26.46°C. The wet season lasts 
from March to October, with a brief dry period occurring in August. The natural 
vegetation cover, especially in the metropolitan area of Ibadan, has largely been 
replaced by impermeable surfaces, primarily due to rapid population growth 
and urbanization.

2.2. Satellite imagery

Landsat 8 is a pivotal Earth observation satellite jointly operated by NASA 
and the United States Geological Survey (USGS), contributing to the continu-
ous monitoring and understanding of changes in the Earth’s surface since its 
launch in 2013. Equipped with the Operational Land Imager (OLI) and Thermal 
Infrared Sensor (TIRS), Landsat 8 captures imagery with remarkable detail and 
accuracy, facilitating the monitoring of various environmental parameters. With 
eleven spectral bands covering visible light to thermal infrared and a spatial 
resolution ranging from 15 to 100 meters (Table 1), Landsat 8 enables detailed 
assessments of land cover, vegetation health, urban development, and other 
factors affecting the Earth’s surface.

In this study, a cloud-free Landsat 8 OLI/TIRS level 2 satellite imagery that 
has been radiometrically calibrated and atmospherically corrected was down-
loaded from the USGS website for December 27, 2022. The choice of this date 
aligns with the typical dry season period for the study area, where historical 
weather patterns indicate reduced cloud cover and stable atmospheric con-
ditions. This selection enhances the likelihood of obtaining clear, high-quali-
ty imagery with minimal atmospheric interference, ensuring the reliability and 
accuracy of the data for analysis. The thermal infrared band (band 10) was 
provided as the atmospheric brightness temperature in Kelvin (K) and all the 
multispectral bands were provided as surface reflectance. 

Figure 1. Map showing location of the study area.



99Journal of the Bulgarian Geographical Society 50: 95–112 (2024), DOI: 10.3897/jbgs.e124098

Ibrahim Olatunji Raufu: Relationship between vegetation indices and land surface temperature

2.3. Estimation of land surface temperature

The estimation of LST in this study was conducted in three stages. Firstly, the 
proportion of vegetation (𝑃𝑣) was estimated using the Normalized Difference 
Vegetation Index (NDVI) derived from satellite imagery. The formula used is as 
follows:

(1)

where 𝑃𝑣 denotes the amount of vegetation, NDVImin denotes the minimum 
values of the NDVI, and NDVImax denotes the maximum value of the NDVI.

Secondly, the land surface emissivity (ε) was estimated based on the pro-
portion of vegetation (𝑃𝑣) using the formula proposed by Sobrino et al. (2004):

ε = 0.004 ∗ 𝑃𝑣 + 0.986						      (2)

Emissivity is a material’s relative capacity to radiate heat, and it influences 
the thermal radiation emitted from the land surface.

Thirdly, The Landsat-8 TIRS (band 10) data provided as top-of-atmosphere 
brightness temperature (Tb) in Kelvin (K) by the USGS, was utilized to calculate 
LST. The following formular was employed:

(3)

Where Tb is the top-of-atmosphere brightness temperature, λ is the wave-
length of emitted radiance, ρ = h × (c/s) = 1.4388 × 10^−2 m K = 14388 µm K, h 
is the plank’s constant = 6.626 × 10^−34 Js, s is the Boltzmann constant = 1.38 
× 10^−23 J/K, c = velocity of light = 2.998 × 10^8 𝑚/𝑠. 

To convert the radiant temperature to degrees Celsius, a value of 273.15 was 
subtracted from the calculated temperature

Table 1. Landsat 8 spectral bands properties (Castaldi 2021).

Band 
number 

Band names Central wavelength 
(nm)

Spatial 
resolution

Possible applications

1 Coastal aerosol 443 30 Water quality assessment

2 Blue 483 30 Vegetation

3 Green 560 30 Vegetation

4 Red 660 30 Vegetation

5 Near-infrared (NIR) 865 30 Vegetation

6 Shortwave infrared (SWIR) 1 1650 30 Soil moisture estimation

7 Shortwave infrared (SWIR) 2 2220 30 Vegetation

8 Panchromatic 590 15 Urban planning

9 Cirrus 1375 30 Atmosphere

10 Thermal infrared (TIRS) 1 10795 100 Thermal mapping

11 Thermal infrared (TIRS) 2 11605 100 Thermal mapping
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2.4. Vegetation indices

In this study, seven widely-used vegetation indices (Table 2) are analyzed to 
explore their relationship with LST. Vegetation indices are mathematical formu-
lations derived from spectral bands captured by remote sensing instruments, 
such as Landsat 8 and Sentinel-2 satellites. These indices provide valuable in-
sights into vegetation properties, health, and dynamics based on the interac-
tion between vegetation and incident light.

Table 2. List of vegetation indices under study.

No. Indices Formula Reference

1 Normalized Difference 
Vegetation Index (NDVI)

(NIR − Red) / (NIR + Red) (Rouse et al. 1974)

2 Soil Adjusted Vegetation
 Index (SAVI)

[(NIR − Red) / (NIR + Red + L)] * (1 + L) (Huete 1988)

3 Atmospherically Resistant 
Vegetation Index (ARVI)

(NIR − (2 * Red) + Blue) / (NIR + (2 * Red) + Blue) (Tanré et al. 1992)

4 Green Normalized Difference 
Vegetation Index (GNDVI)

(NIR − Green) / (NIR + Green) (Barati et al. 2011)

5 Ratio Vegetation Index (RVI) NIR / Red (Pearson and Miller 1972)

6 Optimized Soil Adjusted 
Vegetation Index (OSAVI)

1.16 * (NIR − Red) / (NIR + Red + 0.16) (Rondeaux et al. 1996)

7 Green Chlorophyll Index (GCI) ((NIR / Green)) − 1 (Gitelson et al. 2003)

2.4.1. Normalized difference vegetation index (NDVI)

The NDVI is a widely used vegetation index derived from remotely sensed 
data, typically captured by satellites. It quantifies the density and strength of 
green vegetation cover by comparing the reflectance of two spectral bands: 
the near-infrared (NIR) and the red (Red) bands. NDVI values range from −1 (for 
snow and ice) to +1 (for complete vegetation cover), providing a quantitative 
measure of vegetation density and health. NDVI tends to have a more linear re-
lationship with vegetation properties such as biomass or leaf area index (LAI), 
with higher values indicating denser and healthier vegetation (Kumar and Shek-
har 2015). The NDVI is calculated as:

NDVI = (NIR − Red) / (NIR + Red)				    (4)

Where NIR represents the reflectance in the near-infrared band and Red rep-
resents the reflectance in the red band.

NDVI takes advantage of the differential reflectance properties of vegetation 
in the near-infrared and red spectral bands. Healthy vegetation reflects a large 
amount of near-infrared light due to chlorophyll absorption, while absorbing 
more red light for photosynthesis. Bare soil or non-vegetated areas generally 
reflect similar amounts of near-infrared and red light (Gutman et al. 2021).
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2.4.2. Soil adjusted vegetation index (SAVI)

The SAVI is a modified version of the NDVI designed to reduce the influence 
of soil brightness variations on vegetation indices. By incorporating a soil ad-
justment factor, SAVI minimizes the impact of soil background effects, making 
it particularly useful in areas with diverse soil types or varying soil moisture 
conditions. The formular for estimating SAVI is as follows:

SAVI = [(NIR − Red) / (NIR + Red + L)] * (1 + L)			   (5)

L is a constant factor ranging from 0 to 1, which is used to adjust the soil 
brightness. Typically, L = 0.5 is used as a default value, as suggested by Huete 
(1988), to account for first-order soil background variations. 

2.4.3. Atmospherically resistant vegetation index (ARVI)

The ARVI is an adapted version of the NDVI that seeks to mitigate the influence 
of atmospheric conditions on vegetation indices. ARVI is particularly valuable 
in regions where atmospheric effects, such as aerosols and haze, can distort 
satellite-derived vegetation assessments. The formula for ARVI is expressed 
as:

ARVI = (NIR − (2 * Red) + Blue) / (NIR + (2 * Red) + Blue)		  (6)

By incorporating the blue band, ARVI accounts for atmospheric influences, 
such as Rayleigh scattering, which can affect the accuracy of vegetation indi-
ces. This adjustment enhances the sensitivity of ARVI to vegetation changes 
while reducing the impact of atmospheric variability. Its application contributes 
to improved monitoring of land surface dynamics, environmental changes, and 
ecosystem health

2.4.4. Green normalized difference vegetation index (GNDVI)

The GNDVI is a vegetation index similar to the NDVI but calculated using green 
and near-infrared bands instead of red and near-infrared bands. GNDVI is par-
ticularly useful in areas where vegetation reflects more strongly in the green 
band compared to the red band, such as dense forests. According to Barati et 
al. (2011), GNDVI measures chlorophyll content more accurately than NDVI. 
The formula for GNDVI is expressed as:

GNDVI = (NIR − Green) / (NIR + Green)				   (7)

GNDVI values range from −1 to +1, with higher values indicating denser and 
healthier vegetation cover. Similar to NDVI, GNDVI is sensitive to changes in 
vegetation density, health, and photosynthetic activity, making it a valuable tool 
for monitoring vegetation dynamics and ecosystem health. 
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2.4.5. Ratio vegetation index (RVI)

The RVI is a vegetation index that measures the ratio of reflectance in two dif-
ferent spectral bands, typically the NIR and red bands. It is a simple yet ef-
fective index for assessing vegetation density and health. RVI values typically 
range from 0 to positive infinity. Higher RVI values indicate denser and healthier 
vegetation cover, while lower values suggest sparse or non-vegetated areas. 
The RVI is calculated as:

RVI = NIR / Red					     (8)

2.4.6. Optimized soil adjusted vegetation index (OSAVI)

The OSAVI is a vegetation index similar to SAVI but optimized to provide better 
sensitivity to vegetation changes and reduced sensitivity to soil background 
variations. OSAVI is particularly useful in areas with diverse soil types or vary-
ing soil moisture conditions. The formular for OSAVI is expressed as:

OSAVI = 1.16 * (NIR − Red) / (NIR + Red + 0.16)		  (9)

OSAVI utilizes a standard value of 0.16 for the canopy background adjust-
ment factor, determined by Rondeaux et al. (1996) to be optimal for providing 
greater sensitivity to vegetation changes while reducing the influence of soil 
background variations. This adjustment allows OSAVI to effectively distinguish 
between low vegetation cover and areas with greater vegetation density, mak-
ing it a valuable tool for vegetation monitoring and assessment.

2.4.7. Green chlorophyll index (GCI)

The GCI is a vegetation index that quantifies the chlorophyll content of veg-
etation based on the reflectance in the green spectral band. It is particularly 
useful for assessing plant health and physiological status, as chlorophyll is a 
key pigment involved in photosynthesis. GCI values typically range from neg-
ative to positive values. Higher positive GCI values indicate higher chlorophyll 
content and healthier vegetation, while negative values may indicate stress or 
senescence. The formula for GCI is expressed as:

GCI = ((NIR / Green)) − 1				    (10)

3. Results and Discussion

3.1. Vegetation indices distributions

The spatial distribution of different vegetation indices, as depicted in Fig. 2A–
G, provides valuable insights into the variability of vegetation cover and asso-
ciated environmental conditions across the study area. Fig. 2A depict the NDVI 
values, ranging from −0.05 to 0.44, indicating spatial variability in vegetation 
density and health. Areas with higher NDVI values correspond to regions with 
dense vegetation cover while areas with lower NDVI values represent urbanized 
regions with sparse vegetation or impervious surfaces.
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Figure 2. Spatial distribution of vegetation indices. A NDVI B SAVI C ARVI D GNDVI E RVI F OSAVI G GCI.

A B

C D

E F

G
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Fig. 2B illustrates the SAVI index with a range spanning from −0.08 to 0.66. 
This index clarifies variations in vegetation density and soil brightness, with 
positive values indicating vegetated areas exhibiting higher density, while neg-
ative values denote regions dominated by non-vegetated surfaces in the study 
area. The ARVI index (Fig. 2C) ranging from −0.08 to 0.27 offers insights into 
both vegetation density and atmospheric correction effects, with higher val-
ues indicative of healthier vegetation cover, while lower values hint at areas 
susceptible to atmospheric interference or exhibiting sparse vegetation. GNDVI 
values (Fig. 2D) range from −0.04 to 0.42, with higher values indicating greater 
vegetation density and health. Similar to NDVI, higher GNDVI values suggest 
areas with dense vegetation cover, while lower values indicate urban areas with 
limited vegetation. RVI values (Fig. 2E) range from 0.90 to 2.59, reflecting varia-
tions in vegetation vigor and canopy structure. Higher RVI values typically indi-
cate denser and more vigorous vegetation, while lower values suggest sparse 
vegetation. Fig. 2F reveals the OSAVI index values ranging from −0.06 to 0.51, 
with positive values indicating the presence of vegetation. Higher OSAVI values 
indicate areas with denser vegetation cover, while negative values indicate ar-
eas with sparse vegetation. GCI index values (Fig. 2G) range from −0.08 to 1.42, 
reflecting variations in chlorophyll content and vegetation health. Higher GCI 
values typically indicate areas with healthier vegetation and higher chlorophyll 
content, while lower values indicates areas with less vigorous vegetation.

The spatial distribution of vegetation indices Fig. 2A–G also illustrates a no-
table trend of generally increasing values with greater distance from the core 
towards the periphery of the study area. This spatial pattern can be attributed 
to a combination of factors influencing land use, vegetation dynamics, and hu-
man activities across different regions.

In the core areas of the study area, including Ibadan North, Ibadan North-
West, Ibadan South-West, Ibadan North-East, and Ibadan South-East, higher 
levels of land use intensity are prevalent due to extensive urban development, 
industrial activities, and transportation networks. These anthropogenic pres-
sures have resulted in the removal of natural vegetation cover and the prolifer-
ation of impervious surfaces, negatively impacting vegetation health and den-
sity. As a consequence, these urbanized cores exhibit lower vegetation indices 
compared to peripheral regions. Conversely, peripheral areas such as parts of 
Ona Ara, Lagelu, and Oluyole comprise natural landscapes, rural settlements, 
and agricultural lands characterized by higher vegetation density and reduced 
human disturbance. These regions are endowed with more intact ecosystems 
and a greater diversity of vegetation cover. The presence of green spaces, ag-
ricultural activities, and less impervious surfaces contribute to healthier and 
more diverse vegetation communities, resulting in higher vegetation indices.

3.2. Land surface temperature

Fig. 3 illustrates the spatial distribution of LST across the study area, revealing 
a pronounced UHI effect within the area. The estimated LST values span from 
28°C to 39°C, with a mean temperature of 34.8°C. The map distinctly identifies 
six prominent hotspots: Ibadan North, Ibadan North-West, Ibadan South-West, 
Ibadan North-East, Ibadan South-East, and outskirt of Ido. These areas expe-
rience elevated temperatures primarily due to sparse vegetation cover, inten-
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Figure 3. Land surface temperature.

Figure 4. Dense building structures at the core of the study area (Adeosun 2015).

sified by the release of urban anthropogenic heat and the insulating effect of 
dense building structures (Fig. 4).

3.3. Correlation analysis of LST and vegetation indices

To explore the correlation between vegetation indices and LST, a total of 1245 
randomly selected sample points from LST, NDVI, SAVI, ARVI, GNDVI, RVI, OSA-
VI, and GCI images were utilized. Regression analysis was conducted, and the 
results were visually represented using 2D scatterplots (Fig. 5A–G). Table 3 
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Figure 5. Vegetation indices and LST correlation. A NDVI/LST B SAVI/LST C ARVI/LST D 
GNDVI/LST E RVI/LST F OSAVI/LST G GCI/LST.

A B

C D

E F

G
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presents the calculated standard deviation, Pearson correlation coefficients 
(R), coefficient of determination (R2), and corresponding P-values.

Statistical analysis revealed a significant relationship between vegetation 
indices and LST at a significance level of P < 0.01. This indicates that the influ-
ence of vegetation indices on LST is statistically significant.

Among the indices examined, ARVI emerges as the most robust indicator 
of the relationship between vegetation indices and LST. ARVI exhibits the high-
est R2 value among all indices analyzed, with an R2 value of 0.647, a strong 
negative correlation as evidenced by its high absolute R-value of -0.8046, and 
the least standard deviation value of 1.529. This indicates that ARVI explains 
approximately 64.7% of the variability in LST within the study area. The high 
explanatory power of ARVI suggests that changes in ARVI values correspond 
closely to variations in LST, making it a reliable predictor of surface tempera-
ture dynamics. This can be attributed to the fact that ARVI incorporates atmo-
spheric resistance into its formulation, making it less sensitive to atmospheric 
influences such as aerosols and water vapor. By accounting for atmospheric 
effects, ARVI provides a more accurate representation of vegetation properties 
and reduces the potential for confounding factors to distort the relationship be-
tween vegetation indices and LST. Prior study by Somvanshi and Kumari (2020) 
also highlighted the effectiveness of ARVI in capturing vegetation dynamics 
and surface temperature variations in urban environments. The established 
utility of ARVI in urban heat island studies and ecosystem monitoring further 
validates its suitability for analyzing the relationship between vegetation and 
LST in rapidly urbanizing areas.

According to the obtained results, the higher standard deviation, lower R-val-
ues and R2 values observed for GNDVI and GCI suggest that these indices are 
less effective in explaining variations in LST compared to other vegetation indi-
ces in the study area. This can be attributed to the fact that GNDVI and GCI are 
more sensitive to environmental factors other than vegetation density, such as 
soil properties, atmospheric conditions, or urban infrastructure.

The results of our analysis reveal compelling insights into the dynamics be-
tween vegetation cover and surface temperature within the study area. Across 
a range of vegetation indices, including NDVI, SAVI, ARVI, GNDVI, RVI, OSAVI, 
and GCI, we observed consistent patterns indicative of the influence of vege-
tation on surface temperature dynamics. The negative R-values obtained for 
all vegetation indices underscore the inverse relationship between vegetation 
density and LST. These negative R-values, ranging from −0.732 to −0.805, indi-
cate a moderate to strong negative linear relationship between vegetation indi-
ces and LST. This suggests that as vegetation density increases, land surface 

Table 3. Statistics of vegetation indices and LST relationship.

Statistics NDVI/ LST SAVI/ LST ARVI/ LST GNDVI/ LST RVI/ LST OSAVI/ LST GCI/ LST

Standard 
deviation

1.588 1.588 1.529 1.754 1.542 1.594 1.698

R −0.787 −0.787 −0.805 −0.732 −0.801 −0.786 −0.752

R2 0.620 0.620 0.647 0.536 0.642 0.617 0.565

P 2.720E-263 2.986E-263 1.345E-283 1.447E-209 3.163E-279 2.139E-261 3.348E-227
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temperature tends to decrease likewise as vegetation density decrease, land 
surface temperature tends to increase. This finding aligns with the expected 
behaviour in urban environments, where areas with denser vegetation typically 
experience lower surface temperatures due to the cooling effects of vegeta-
tion, such as shading and evapotranspiration.

Furthermore, the R2 values obtained for each vegetation index provide valu-
able insights into the explanatory power of vegetation dynamics in predicting 
variations in LST. With R2 values ranging from 0.536 to 0.647, our analysis indi-
cates that between 53.6% and 64.7% of the variability in LST can be attributed 
to changes in vegetation cover as captured by the corresponding vegetation 
index. This highlights the significant contribution of vegetation dynamics to 
surface temperature variations within the study area

These findings have important implications for urban planning and climate 
resilience efforts. By recognizing the pivotal role of vegetation in mitigating 
UHI, policymakers and urban planners can prioritize strategies aimed at pre-
serving and enhancing urban green spaces. Implementing measures such as 
increasing tree canopy cover, and promoting green infrastructure initiatives can 
help mitigate the adverse effects of urbanization on local climate and improve 
the quality of life for urban residents.

4. Conclusion

The study provides valuable insights into the complex relationship between 
remote sensing-based vegetation indices and LST in a rapidly urbanizing en-
vironment. Through quantitative analysis of satellite imagery and regression 
modeling, we have explored the dynamics of vegetation cover and its impact 
on UHI in the Ibadan region. Utilizing seven vegetation indices to assess their 
correlations with LST, we uncovered essential patterns shaping LST distribu-
tion across both urban and peri-urban landscapes. The results of this study 
underscore the pivotal role of vegetation density in shaping LST distributions. 
Notably, we observed a robust negative correlation between vegetation indices 
and LST, with the ARVI index exhibiting the strongest association among the in-
dices examined. This suggests that variations in vegetation density significant-
ly moderate surface temperatures. Urban cores within the study area exhibit 
lower vegetation density and higher LST values, attributable to intense land 
use, anthropogenic heat release, and limited green spaces. In contrast, periph-
eral regions within the study area demonstrate higher vegetation indices and 
lower LST values, reflecting healthier vegetation cover and reduced UHI effects. 

Our study challenges the conventional reliance on the NDVI as the sole in-
dicator of vegetation abundance in remote sensing studies investigating the 
vegetation-LST relationship. We highlight the necessity for a more comprehen-
sive approach, incorporating multiple vegetation indices to better capture the 
variations of vegetation dynamics and their impact on LST. Furthermore, this 
study highlights the importance of remote sensing techniques in monitoring 
urban environmental dynamics and informing sustainable urban planning strat-
egies. By leveraging multispectral satellite imagery and quantitative analysis, 
policymakers can identify areas vulnerable to heat stress and prioritize inter-
ventions to enhance urban green infrastructure, resilience to climate change, 
and mitigate UHI effects.
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