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Land surface temperature (LST) is influenced not only by human activities but also by topographic and vegetation factors. This study analyzed the effects of topography and vegetation on LST in Ibadan, Nigeria, using Landsat 8 OLI/TIRS thermal imagery from December, 2024 and AW3D30 DEM-derived parameters, including elevation, slope, aspect, and hillshade. NDVI was incorporated to quantify the effect of vegetation cover. LST was retrieved using a Radiative Transfer Equation-based approach, and a grid-based method was employed to extract LST and topographic attributes at consistent spatial locations. Statistical analyses, including bivariate correlations and multiple linear regression, were performed to quantify the relationships between LST and the environmental variables. Results indicate that topographic variables alone exert weak influences on LST, with R² values ranging from 0.0006 to 0.0243, but their combined effect is statistically significant. Vegetation has a strong cooling effect, with NDVI showing a negative correlation with LST (r = –0.7604, R² = 0.5782). The combined model of topography and NDVI explains 59% of LST variability, highlighting vegetation as the dominant factor controlling surface temperature in this tropical urban environment. These findings provide insights for urban heat mitigation and support evidence-based urban planning strategies, including vegetation management and sustainable land-use planning in tropical cities.
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1. INTRODUCTION
Urbanization is rapidly reshaping landscapes across the globe, particularly in developing nations such as Nigeria. By 2030, nearly 60% of the world’s population is projected to reside in urban areas (Bhadwal & Kumar, 2025). The accelerating pace of urban growth, coupled with the impacts of climate change, poses significant challenges for city planners and managers seeking to build sustainable and resilient cities (Fonseka et al., 2019). Increasing demand for land, often accompanied by unplanned development, further complicates urban sustainability. Asia and Africa, which together host about 90% of the global rural population, are urbanizing at unprecedented rates, with urbanization levels expected to reach 56% and 64%, respectively, by 2050 (Bhadwal & Kumar, 2025; Kookana et al., 2020). Consequently, cities will face intensified exposure to climate change impacts, including greenhouse gas (GHG)-induced radiative forcing and localized effects such as the Urban Heat Island (UHI) phenomenon (McCarthy et al., 2010).
The Earth’s surface temperature is a critical environmental parameter influencing climate systems, weather patterns, and ecological processes. Land Surface Temperature (LST) is a key indicator for understanding the surface energy balance, land–atmosphere interactions, and urban climate variations (He et al., 2018; Berg et al., 2014; Zhao-Liang et al., 2013). The spatio-temporal variability of surface energy fluxes, reflected in LST, makes it invaluable for environmental applications such as surface energy budget analysis (Peng et al., 2016; Anderson et al., 2012), vegetation monitoring (Raufu, 2024; Amiri et al., 2009), and urban climate studies (Zhou et al., 2013). Variations in LST are influenced by multiple factors at different scales, including topography, energy input, climatic conditions, land use, vegetation cover, and geographical location (Peng et al., 2018; Taripanah & Ranjbar, 2021).
Recent studies have increasingly explored the relationship between natural factors and LST, including vegetation–LST interactions (Raufu, 2024; Chen et al., 2006), the combined influence of vegetation and water (Yuan, 2007), and the effects of urban land expansion on surface temperature (Ramadan et al., 2004). Beyond conventional land cover types such as vegetation, water bodies, and built-up areas, topography has emerged as an important factor affecting LST. Broad geographic conditions, local terrain characteristics, and surface properties all influence temperature distribution. Studies have revealed a negative correlation between vegetation and LST (Sulaiman et al. 2025; Raufu, 2024) and demonstrated that soil type significantly affects the heating and cooling dynamics of the land surface (Wu et al., 2019). Moreover, the influence of topography on LST varies with solar radiation exposure and changes over time (Peng et al., 2020). Despite growing research on LST, the effects of topographic variables across regions remain underexplored, warranting further investigation into which terrain factors most strongly determine surface temperature variability.
LST is typically investigated through terrestrial meteorological observations (Eludoyin et al., 2013) or remote sensing methods (Li et al., 2013). However, ground-based measurements are limited by high costs, time requirements, and sparse station networks, especially in mountainous or inaccessible regions (Taripanah & Ranjbar, 2021; Neteler, 2010). In contrast, remote sensing and Geographic Information Systems (GIS) have revolutionized LST studies by providing large-scale, continuous, and high-resolution thermal datasets (Ayansina, 2016). Satellite-based thermal infrared sensors, such as those onboard Landsat 8’s Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS), enable accurate estimation of surface temperatures. When combined with topographic data derived from Digital Elevation Models (DEM), these datasets facilitate detailed analyses of how terrain characteristics influence LST distribution.
Topographic elements substantially affect surface temperature through their control over solar radiation exposure, air circulation, and surface energy exchange (Peng et al., 2020). Regions with pronounced topographic variation display complex spatial and temporal patterns in meteorological, hydrological, and ecological processes, often with steep gradients across short distances (Bindajam et al., 2020; Van De Kerchove et al., 2012; Aguilar et al., 2010; Ivanov et al., 2008). Yang et al. (2020) demonstrated that LST decreases with increasing elevation and varies with slope and aspect due to differences in solar radiation exposure. Similarly, Peng et al. (2020) found a negative correlation between LST and both elevation and slope, with lower temperatures typically observed on shaded slopes compared to sun-facing ones. These findings emphasize that elevation, slope, and aspect strongly influence LST by modulating solar radiation and surface thermal load.
Urban areas exhibit distinct thermal characteristics due to the Urban Heat Island effect, wherein temperatures in cities are higher than in surrounding rural areas. Urban expansion replaces natural land cover with impervious surfaces such as asphalt and concrete, leading to greater heat retention and elevated LST. In cities with diverse terrain, such as Ibadan, Nigeria, the interaction between urbanization and topography further complicates LST patterns. Therefore, examining the influence of topography on LST in such environments is crucial for understanding local climate dynamics and guiding sustainable land use and climate adaptation strategies.
This study aims to investigate the relationship between LST and topographic factors in Ibadan using remote sensing and GIS techniques. By integrating Landsat 8 OLI/TIRS thermal data with DEM-derived topographic parameters, the research seeks to enhance understanding of how terrain characteristics shape LST variations in a tropical urban setting.
2. MATERIALS AND METHODS
2.1 Study area
The study was conducted in Ibadan, a major city located in the southwestern region of Nigeria (Fig. 1). The city is renowned for its undulating terrain, featuring prominent hills that not only shape its landscape but also serve as important ecological and tourism assets due to their rich biodiversity of flora and fauna. Ibadan covers a total area of approximately 6,800 km², with vegetation originally dominated by tropical rainforest species. Geographically, the city lies between latitudes 7°02’49” N and 7°43’21” N and longitudes 3°31’58” E and 4°08’20” E, with elevations ranging from 180 m to 275 m above sea level. According to the Nigerian Geological Society, the area is underlain by a mixture of hard silt, soft clay, and sedimentary soils, reflecting a heterogeneous landscape with varying terrain characteristics.
Ibadan experiences a tropical wet and dry climate, characterized by a long rainy season and relatively consistent temperatures throughout the year (Raufu, 2024). The average annual temperature is approximately 26.5°C, while mean annual rainfall is around 1,230 mm. The rainy season typically spans from March to October, with a short dry spell in August. Over the years, rapid population growth and urban expansion have significantly transformed the city’s natural vegetation cover, replacing much of it with impervious surfaces such as buildings, roads, and other urban infrastructure. This continuous urbanization has contributed to notable changes in the local land surface characteristics and thermal environment.
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Fig. 1. Location and topography of the study area
2.2 Research data
In this study, Landsat 8 OLI/TIRS Level 2 thermal infrared data (Band 10) were utilized to estimate LST. One cloud-free scene covering the Ibadan area were selected for analysis. The acquisition date was December 10, 2024 (path/row 191/055). The period coincides with the dry season, characterized by minimal cloud cover and stable atmospheric conditions, thereby ensuring the capture of clear, high-quality imagery suitable for thermal analysis.
In addition, AW3D30 global digital elevation model (DEM) data were employed to extract topographic parameters such as elevation, slope, aspect, and to generate a shaded relief map. The AW3D30 DEM, produced by the Japan Aerospace Exploration Agency (JAXA) from Advanced Land Observing Satellite (ALOS) data, provides worldwide coverage at a 30-meter spatial resolution. The Landsat 8 dataset, offering a spatial resolution of 30 m for multispectral bands and 100 m for thermal bands, corresponds well with the AW3D30 DEM resolution, making it appropriate for assessing the influence of terrain characteristics on the surface thermal environment.
2.3 Research methods
The DEM was processed to derive the principal terrain attributes (elevation, slope, and aspect) together with a hillshade layer to aid visual interpretation of the landscape. Using Landsat 8 OLI/TIRS data, the LST was retrieved and resampled to match the spatial resolution of the DEM. The resulting temperature layer was integrated with the topographic datasets to allow pixel-level comparison. Statistical analyses were then applied to examine the relationship between LST and the terrain variables, offering a clearer understanding of how topographic conditions influence surface temperature distributions across the study area.
The LST retrieval and regression analyses assume that atmospheric parameters and surface emissivity are adequately represented by the selected models. Topographic variables derived from the AW3D30 DEM are assumed to accurately reflect terrain at this resolution; however, micro-topographic variations below this scale are not captured. Regression modeling further assumes linear relationships between predictors, independence of variables, and constant variance of residuals. While these assumptions allow for robust estimation of LST patterns, unaccounted local factors such as small-scale land cover variability and microclimatic effects may influence surface temperature distributions.
2.3.1 LST extraction and retrieval
LST was retrieved from the Landsat 8 TIRS Band 10 data using a workflow grounded in the Radiative Transfer Equation (RTE). The RTE framework remains one of the most robust approaches for LST estimation because it explicitly incorporates atmospheric effects and surface emissivity (Sobrino et al., 2004; Jiménez-Muñoz et al., 2009). Although Landsat 8 is equipped with two thermal bands, persistent stray-light contamination in Band 11 (Montanaro et al., 2014) limits its reliability for quantitative analysis. Consequently, Band 10 which is identified as the more stable thermal channel is commonly recommended for RTE-based retrievals (Rozenstein et al., 2014; Gerace & Montanaro, 2017).
The retrieval procedure comprised three main stages. First, NDVI was calculated from the Landsat 8 OLI red (Band 4) and near-infrared (Band 5) bands to represent vegetation cover:
										(1)
The resulting NDVI values were then used to estimate vegetation proportion (Pv) for each pixel following Sobrino et al. (2004):
 								(2)
where and are the minimum and maximum NDVI values.
Second, land surface emissivity (ε) was derived using the NDVI-based emissivity model, which relates emissivity to vegetation abundance:
ε = 0.004 ∗ 𝑃𝑣 + 0.986									(3)
This step ensures that spatial variations in land cover are properly represented in the thermal correction, given that emissivity strongly influences the radiance emitted from the surface.
Finally, LST was computed by integrating emissivity, atmospheric parameters, and at-sensor brightness temperature into the RTE formulation. Brightness temperature (Tb) was obtained from the radiance-converted Band 10 data using the inverse Planck function. The surface temperature was then estimated using:
									(4)
where  is the effective wavelength of Band 10,
,
 is Planck’s constant,
 is the speed of light, and
 is the Boltzmann constant.
The resulting temperatures were converted from Kelvin to Celsius by subtracting 273.15. All LST outputs were resampled to 30 m to match the AW3D30 DEM resolution and to ensure consistent pixel alignment for subsequent correlation analysis.
2.3.2 Derivation of topographic elements
Elevation, slope, and aspect were extracted from the AW3D30 DEM, which provides 30-m spatial resolution coverage. The DEM was first clipped to the study area, and slope and aspect rasters were then produced using the Spatial Analyst toolbox in ArcGIS Pro 3.1.
· Elevation was used to characterize vertical terrain variation across the region.
· Slope was calculated as the rate of maximum change in elevation between neighboring pixels, expressed in degrees.
· Aspect (slope orientation) was derived to assess the directional influence of solar exposure on surface heating patterns.
Additionally, a hillshade model was produced for visual interpretation of terrain structure. All topographic layers were co-registered to the LST grid to ensure pixel-to-pixel comparability.
2.3.3 Relationship between LST and topographic variables
A numerical grid-based approach was employed to examine the relationship between LST, topographic variables, and vegetation cover. A rectangular grid of 500 × 500 m was generated across Ibadan, and a vector point was placed at the center of each cell, with each point assigned a unique identifier. This grid size was chosen to balance capturing local spatial variability in LST and topographic parameters with computational efficiency and adequate spatial coverage. Grid cells falling outside the Ibadan boundary were removed, resulting in 11,023 valid points.
For each point, LST values from Landsat 8 OLI/TIRS, topographic parameters (elevation, slope, aspect, and hillshade), and NDVI were extracted. This dataset allowed pixel-level comparison of LST with terrain and vegetation attributes. Statistical analyses, including correlation and regression, were conducted to quantify the individual and combined influences of topography and vegetation abundance on surface temperature patterns across the study area.
Variance Inflation Factor (VIF) diagnostics were performed to assess multicollinearity among the predictors in the regression models. All VIF values were below commonly accepted thresholds, indicating that multicollinearity was not a concern and that the regression coefficients are robust and independent.
3. RESULTS AND DISCUSSION
3.1 LST Patterns
The spatial distribution of LST in the study area exhibits substantial variation. LST values ranged from 27.60 °C to 38.54 °C (Fig. 2), with a mean of 34.83 °C and a standard deviation of 3.41 °C. Hotspots of elevated temperatures were observed predominantly in densely built-up areas with minimal vegetation cover, whereas cooler regions were closely associated with vegetated zones. These spatial patterns are consistent with recent findings by Sulaiman et al. (2025), who reported similar LST variability and urban heat island hotspots in Nigerian cities using MODIS data, highlighting the significant role of urban morphology and vegetation in regulating surface temperatures.
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Fig. 2. Spatial distribution of LST
The observed LST patterns reflect the heterogeneous land cover and the complex interplay of local climate, solar exposure, and landscape structure. Spatial heterogeneity is also evident along peri-urban zones, where impervious surfaces absorb and retain more heat compared to vegetated areas.
3.2 Spatial Relationship Between LST and Topographic Variables
To investigate the effect of topography on surface temperature, LST was analyzed in relation to elevation, slope, aspect, and hillshade using bivariate correlation analysis. The topographic variables, including elevation, slope, aspect, and a hillshade layer, were derived from the AW3D30 DEM (Fig. 3). Both LST and terrain datasets were processed quantitatively to extract values corresponding to specific grid points across the study area. Scatter plots were generated and fitted with regression lines to examine the numerical relationships between LST and each topographic factor, providing insight into how terrain influences thermal patterns in Ibadan.
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Fig. 3. Topographic variables of the study area: (a) Elevation, (b) Slope, (c) Aspect, and (d) Hillshade.
3.2.1 Correlation between LST and elevation: The relationship between LST and elevation in the study area was examined using a bivariate correlation approach. A scatterplot (Fig. 4) was generated to visualize the distribution of LST values across varying elevations, and a linear regression line was fitted to quantify the direction and strength of the relationship. The result indicates a very weak positive correlation between LST and elevation (r = 0.1558; R² = 0.0243), meaning that elevation explains only about 2.4% of the variation in surface temperature across the study area. Although statistically significant due to the large sample size, the relationship is not strong enough to suggest a meaningful topographic control on LST.
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Fig. 4. Relationship between LST and elevation in the study area
Unlike studies conducted in mountainous or high-relief environments (Peng et al., 2020; Li et al., 2005), where temperature typically decreases with increasing altitude, Ibadan is characterized by gentle terrain, with most elevations falling within a relatively narrow range. This limited elevation gradient reduces the potential for temperature stratification linked to altitude. Furthermore, the urban structure of Ibadan exerts a much stronger influence on surface temperature than elevation. Built-up surfaces, paved areas, and reduced vegetation cover tend to dominate the thermal response, masking any potential cooling effect associated with higher elevations.
The weak positive association observed in this study may also be attributed to the spatial pattern of development in Ibadan. Some of the slightly elevated ridges have been converted into densely built-up neighbourhoods, resulting in localized warming that offsets the natural lapse-rate cooling typically expected at higher elevations. As a result, elevation alone does not play a substantial role in determining LST variations in the city.
3.2.2 Correlation between LST and slope: The relationship between LST and slope (Fig. 5) in the study area was weak and statistically insignificant. The correlation coefficient (r = –0.0568) and the corresponding coefficient of determination (R² = 0.0032) indicate that variations in slope explain less than 1% of the spatial variation in LST. This suggests that changes in surface steepness do not directly influence surface heating patterns at the scale of this study.
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Fig. 5. Relationship between LST and slope in the study area
In relatively low-relief landscapes, slope angles typically do not vary sharply enough to create pronounced differences in insolation or surface energy exchange. Consequently, the thermal response remains largely uniform across gentle to moderate slopes. These results imply that slope is not a primary driver of LST variability in the region and that other biophysical factors play a more dominant role.
3.2.3 Correlation between LST and aspect: The relationship between LST and aspect (Fig. 6) was analyzed to determine whether slope orientation contributes to variations in surface heating across the study area. Aspect influences the amount and angle of incoming solar radiation received by different slope faces and is therefore an important determinant of microclimatic conditions in regions with pronounced topographic variability. However, the correlation results in this study revealed a very weak and statistically insignificant association between LST and aspect, with an R value of 0.0363 and an R² of 0.0013.
This extremely low correlation indicates that slope orientation exerts minimal influence on LST within the study area. Unlike classical mountainous or high-relief terrains, where south-facing slopes (in the Northern Hemisphere) typically receive greater solar exposure and therefore record higher temperatures, the terrain in this study area has relatively gentle slopes and limited elevation variability. As a result, differences in solar radiation resulting from aspect are not strong enough to generate measurable thermal contrasts.
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Fig. 6. Relationship between LST and aspect in the study area
3.2.4 Correlation between LST and hillshade: Hillshade represents the degree of illumination a surface receives based on slope, aspect, and the position of the sun. Values range from 0 (deep shade) to 255 (maximum illumination). In terrain analysis, hillshade is often used as a representation for potential solar exposure, which theoretically influences surface heating and, consequently, LST. Surfaces with higher illumination values typically receive more direct sunlight and are expected to record higher temperatures.
However, the relationship between LST and hillshade (Fig. 7) in this study was found to be very weak, with a correlation coefficient (r) of –0.0250 and an R² value of 0.0006. The extremely weak correlation between LST and hillshade indicates that illumination alone does not substantially influence the thermal regime of the study area. Land cover, vegetation conditions, and the physical properties of surface materials play a far more dominant role in controlling surface temperature. Even though hillshade theoretically affects solar heating, its practical influence is overshadowed by other environmental and anthropogenic factors.
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Fig. 7. Relationship between LST and hillshade in the study area
3.3 Influence of Vegetation on LST
Vegetation is widely recognized as one of the strongest biophysical controls on land surface temperature. In this study, the relationship between LST and NDVI was examined using a grid-based dataset derived from Landsat 8 imagery. The results show a strong negative correlation (Fig. 8) between the two variables (r = –0.7604, R² = 0.5782), indicating that NDVI alone explains more than 57% of the spatial variation in LST across the study area, far exceeding the explanatory power of all topographic variables combined.
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Fig. 8. Relationship between LST and NDVI in the study area
This inverse relationship shows that densely vegetated areas remain considerably cooler, while sparsely vegetated and built-up surfaces exhibit higher thermal intensities. These findings are consistent with established land–atmosphere processes and previous studies (Sulaiman et al., 2025; Ullah et al., 2023; Kumar and Shekhar, 2015) that identify NDVI as a key predictor of surface temperature patterns in urban and peri-urban environments.
Vegetation moderates surface temperature through several interconnected mechanisms. High-NDVI areas possess dense canopies that reduce thermal loading through evapotranspiration, whereby absorbed energy is converted into latent heat as water vapor is released from leaf surfaces. This process markedly decreases the amount of sensible heat retained at the surface. Vegetation also provides shading, limiting the amount of direct solar radiation reaching the ground and thereby slowing the rate of surface heating. In addition, vegetated soils generally maintain higher moisture content, and moist surfaces require more energy to warm due to their higher heat capacity; this results in slower daytime heating and faster nighttime cooling. In contrast, impervious materials such as concrete, asphalt, and rooftops, lack evapotranspiration, store heat efficiently, and often release additional anthropogenic heat, leading to substantially higher LST in low-NDVI regions. The spatial pattern observed in the study area reflects these processes: zones with abundant vegetation consistently correspond to lower temperatures, whereas urbanized and vegetation-poor areas represent the highest thermal hotspots. Collectively, these mechanisms explain the strong negative correlation between NDVI and LST, highlighting vegetation cover as the most influential environmental factor shaping the thermal landscape of Ibadan.
3.4 Combined Influence of Topography on LST
To assess the cumulative effect of terrain on surface temperature, a multiple linear regression was performed using only the topographic variables: elevation, slope, aspect, and hillshade. The results indicate that while each variable is statistically significant (p < 0.001), their combined explanatory power is relatively low, with an R² of 0.033. This suggests that topography alone accounts for only about 3.3% of the spatial variation in LST across the study area.
The regression model is expressed as:

The coefficients indicate that LST increases slightly with elevation and aspect, whereas it decreases with slope and hillshade. These trends reflect the physical processes controlling surface heating: steeper slopes and areas with higher hillshade values (i.e., shadowed or less sun-exposed regions) tend to be cooler, while the slight positive effect of elevation and aspect may be related to the distribution of land cover and solar exposure patterns. Overall, the low R² underscores that, although topography contributes to local variations in LST, additional environmental factors are likely to play a dominant role.
3.5 Combined Effects of Topography and Vegetation on Surface Temperature
In order to capture the full range of environmental controls on surface temperature, NDVI was incorporated into the regression model alongside the topographic variables. Vegetation demonstrated a strong cooling effect on LST, and its inclusion greatly improved model performance. The OLS regression for all five predictors yielded an R² of 0.585, indicating that topography together with vegetation explains nearly 59% of the spatial variability in LST.
The full regression model is expressed as:

The coefficients show that NDVI exerts the strongest negative influence on LST, consistent with the observed strong negative correlation (r = -0.7604). In other words, areas with higher vegetation cover remain substantially cooler, while the influence of topography, though significant, is comparatively modest when considered alongside vegetation. The model highlights that evapotranspiration, shading, soil moisture retention, and the contrast between vegetated and impervious surfaces are key mechanisms by which vegetation regulates surface temperature. Consequently, while topographic features modulate local variations in LST, vegetation is the dominant environmental factor shaping thermal patterns across the study area.
Although the model explains nearly 59% of LST variability, prediction uncertainties remain due to limitations in Landsat thermal data, DEM-derived topographic parameters, and unaccounted local factors such as microclimatic variations and land-cover heterogeneity. Future studies could use higher-resolution datasets and account for seasonal and dynamic urban factors to improve predictive accuracy.
4. CONCLUSION
This study investigated the influence of topographic elements on LST in Ibadan using remote sensing and GIS techniques. By integrating Landsat 8 OLI/TIRS thermal data with AW3D30 DEM-derived topographic parameters, including elevation, slope, aspect, and hillshade, the research quantified the extent to which terrain characteristics modulate surface temperature patterns. NDVI was also incorporated to assess the additional effect of vegetation cover. The findings indicate that topography alone has a limited influence on LST, with elevation, slope, aspect, and hillshade exhibiting weak correlations (R² = 0.0006–0.0243), suggesting that these factors individually explain only a small fraction of thermal variability. However, when combined in a multivariate regression model, the topographic variables were statistically significant, indicating that their collective effect contributes modestly to spatial LST variations. Vegetation, quantified via NDVI, showed a strong negative correlation with LST (r = –0.7604, R² = 0.5782), with densely vegetated areas experiencing substantially lower surface temperatures due to evapotranspiration, shading, soil moisture retention, and contrast with impervious surfaces. The combined multiple linear regression model, incorporating both topography and NDVI, explained 59% of the variability in LST, highlighting vegetation as the primary factor regulating thermal patterns in this tropical urban environment. Overall, the study provides valuable insights into the spatial dynamics of LST and emphasizes the importance of integrating vegetation management and urban planning strategies to mitigate heat stress in rapidly urbanizing cities, providing empirical evidence to support urban policies that prioritize vegetation-based heat mitigation strategies, including urban greening and sustainable land-use planning. Furthermore, the findings highlight opportunities for future research, including multi-temporal analyses, integration with Local Climate Zones (LCZs), and exploration of additional environmental variables, to enhance predictive understanding and support climate-resilient urban development.
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