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Abstract

Understanding the relationship between urban built-up surfaces and land surface 
temperature (LST) is essential for assessing urban heat dynamics and supporting cli-
mate-resilient urban planning. Although numerous spectral built-up indices have been 
developed to characterize impervious surfaces, their ability to explain LST variability dif-
fers considerably, particularly in tropical urban environments where spectral confusion 
among built-up areas, bare soils, and dry vegetation remains a challenge. This study 
evaluates six established spectral built-up indices: Normalized Difference Built-up Index 
(NDBI), Urban Index (UI), Built-up Index (BUI), Enhanced Built-up and Bareness Index 
(EBBI), Built-up Area Extraction Index (BAEI), and Band Ratio for Built-up Area (BRBA), 
alongside the proposed Urban Material Index (UMI), designed to enhance detection of 
thermally significant impervious surfaces. A cloud-free Landsat 9 OLI/TIRS Level-2 im-
age acquired on 8 December 2024 was used to derive LST using the radiative transfer 
method. Subsequently, 2,086 distributed sample points were extracted to evaluate rela-
tionships between LST and the built-up indices using correlation and regression analy-
ses. Results show that UI, BUI, NDBI, and UMI exhibit strong positive relationships with 
LST, with coefficients of determination (R²) ranging from 0.791 to 0.812 and relatively 
low RMSE values, indicating their effectiveness in representing thermally active imper-
vious surfaces. Conversely, BAEI and BRBA show substantially weaker relationships, 
suggesting lower sensitivity in heterogeneous urban landscapes. The proposed UMI 
performed comparably to the strongest conventional indices, highlighting its potential 
for urban thermal studies in tropical environments. These findings support informed 
selection of built-up indices for urban heat assessment, land-use management, and cli-
mate adaptation planning.
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1. Introduction

Urbanization is widely recognized as a major driver of environmental transfor-
mation worldwide, leading to substantial alterations in land cover, surface en-
ergy balance, and local climatic conditions (Seto et al. 2012). The expansion of 
impervious surfaces, including buildings, paved roads, and rooftops, changes 
the way heat is absorbed, stored, and released at the land surface, often pro-
ducing elevated land surface temperatures (LST) and intensifying the urban 
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heat island (UHI) effect (Voogt and Oke 2003; Nichol 2005; Weng 2009). Ele-
vated urban temperatures have important implications for public health, energy 
demand, and sustainable urban planning, underscoring the need for accurate 
identification and quantification of thermally active surfaces in rapidly expand-
ing cities (Zhou et al. 2011; Li et al. 2019).

Remote sensing has become an indispensable tool for monitoring urban 
growth and associated thermal dynamics because satellite observations pro-
vide spatially continuous information on land cover and surface temperature 
(Weng et al. 2004; Zhao et al. 2025). In particular, spectral indices derived from 
multispectral imagery have been extensively applied to delineate built-up or 
impervious surfaces based on their characteristic reflectance responses. Ur-
ban materials generally exhibit relatively high reflectance in shortwave infrared 
(SWIR) wavelengths and moderate reflectance in the red band, whereas vege-
tation is characterized by strong near-infrared (NIR) reflectance and compara-
tively low SWIR response (Kawamura et al. 1996; Zha et al. 2003; Derakhshan et 
al. 2020; Guha and Govil 2024; Raufu 2024). Exploiting these spectral contrasts, 
numerous indices have been proposed to enhance the detection of urban sur-
faces from satellite imagery.

Among the most widely used are the Normalized Difference Built-up Index 
(NDBI) (Zha et al. 2003), the Urban Index (UI) (Kawamura et al. 1996), and the 
Index-Based Built-up Index (IBI) (Xu 2008), while more recent indices such 
as the Enhanced Built-up and Bareness Index (EBBI), Band Ratio for Built-up 
Area (BRBA), New Built-up Index (NBUI), and Biophysical Composition Index 
(BCI) incorporate additional spectral information to improve discrimination be-
tween built-up surfaces and other land-cover types (Crist 1985; As-Syakur et 
al. 2012; Waqar et al. 2012). Despite these advances, many indices continue 
to experience spectral confusion in heterogeneous urban environments where 
impervious surfaces, exposed soils, and dry vegetation exhibit similar spectral 
responses.

Several studies have explored the relationship between built-up indices and 
LST to better understand urban thermal behaviour. For example, Nichol et al. 
(2020) analyzed long-term urbanization and temperature trends in China’s Pearl 
River Delta and projected continued temperature increases even under stable 
urban growth conditions. Bonafoni (2015) compared NDBI, UI, and BUI with LST 
in Rome using multi-temporal Landsat imagery, demonstrating consistent pos-
itive associations between built-up intensity and surface temperature. Guha et 
al. (2021) examined seasonal variations in the LST–NDBI relationship in Raipur, 
India, while Zhang et al. (2009) linked NDBI-derived urbanization patterns with 
spatial and temporal thermal variability. Similarly, Chen et al. (2022) reported 
that built-up intensity represented by NDBI exerted a stronger influence on 
urban temperature than vegetation indicators. More recently, Guha and Govil 
(2024) evaluated correlations between LST and three urban indices (NDBI, UI, 
and BUI) over a nine-year period in a tropical Indian city and found moderate to 
strong positive relationships, with NDBI showing the most stable performance. 
Beyond thermal studies, recent investigations have also evaluated the effec-
tiveness of different built-up indices for urban mapping. For instance, Kebede 
et al. (2022) compared several spectral built-up indices using Sentinel-2 im-
agery in Addis Ababa and demonstrated that their performance varied con-
siderably with urban morphology and surrounding land-cover characteristics, 
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indicating that no single index consistently outperformed the others under all 
conditions. Similarly, Lynch et al. (2020) showed that multispectral built-up in-
dices can substantially improve urban classification for planning applications, 
particularly when applied in heterogeneous urban environments. More recently, 
Guha et al. (2025) reaffirmed the strong positive relationships between LST and 
commonly used built-up indices while emphasizing that index performance is 
influenced by regional environmental characteristics and should therefore be 
evaluated under different urban settings.

Despite the growing number of spectral built-up indices and their demon-
strated relationships with LST, important limitations remain. Many existing in-
dices are prone to spectral confusion, particularly where bare soils, dry vegeta-
tion, and bright non-urban surfaces exhibit reflectance characteristics similar 
to impervious surfaces (He et al. 2010; Varshney 2013). These challenges are 
especially pronounced in tropical urban environments, where diverse roofing 
materials, weathered construction surfaces, seasonal vegetation dynamics, 
and exposed soils create complex spectral mixtures that can reduce the reli-
ability of built-up extraction and subsequently weaken the interpretation of ur-
ban thermal patterns. Consequently, there remains a need for spectral indices 
that are better suited to identifying thermally significant impervious surfaces 
under such conditions.

Against this background, the present study aims to evaluate the perfor-
mance of five widely used spectral built-up indices: NDBI, UI, BUI, BAEI, and 
BRBA, in explaining the spatial variability of LST in Ibadan, Nigeria. In addition, 
the study introduces the Urban Material Index (UMI), a new spectral index that 
integrates SWIR1 and red bands while suppressing NIR and green reflectance 
to improve the representation of thermally significant impervious surfaces in 
tropical urban environments. Using a quantitative point-based correlation and 
regression framework, the study seeks to identify the indices that best explain 
urban thermal variability and to assess the performance of the proposed UMI 
relative to established built-up indices. Specifically, the study addresses the fol-
lowing research questions:

1.	Which spectral built-up index best explains the spatial variability of land 
surface temperature in Ibadan?

2.	Does the proposed Urban Material Index (UMI) provide performance com-
parable to established built-up indices in representing thermally signifi-
cant impervious surfaces?

3.	What are the implications of the observed relationships for urban heat 
assessment and climate-resilient urban planning in rapidly urbanizing 
tropical cities?

Answering these questions contributes to a better understanding of the 
suitability of spectral built-up indices for urban thermal analysis and provides 
guidance for selecting appropriate indices in tropical urban environments while 
introducing UMI as a promising addition to the existing suite of built-up indices.

2. Methodology

This study adopts a quantitative, remote sensing-based approach to evaluate 
the relationship between spectral built-up indices and LST in Ibadan. The meth-
odology consists of three main stages: acquisition of cloud-free multispectral 
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and thermal satellite imagery, estimation of LST from thermal data, and com-
putation of multiple built-up indices derived from reflectance values in the visi-
ble, near-infrared, and shortwave-infrared bands. Sample points were extracted 
across the study area to examine the correlation between each built-up index 
and LST, allowing the identification of indices that best represent thermally ac-
tive urban surfaces. Additionally, a novel UMI was developed to improve the 
detection of impervious surfaces that strongly influence urban heating.

2.1. Study area

Ibadan, the capital of Oyo State in southwestern Nigeria, is one of the largest 
metropolitan areas in West Africa, with an estimated population exceeding three 
million inhabitants (NPC 2019). The city lies between latitudes 7°20′–7°45′N 
and longitudes 3°50′–4°10′E (Fig. 1). Ibadan experiences a tropical wet-and-dry 
climate characterized by mean annual temperatures of approximately 26–28°C 
and distinct wet (April–October) and dry (November–March) seasons.

Over the past two decades, Ibadan has experienced rapid urban growth driv-
en by population increase, economic development, and expanding residential 
and commercial activities. This growth has resulted in extensive conversion of 
natural vegetation and agricultural land into impervious surfaces, including res-
idential estates, commercial centres, transportation infrastructure, and indus-
trial developments. The increasing extent of impervious surfaces has intensi-
fied concerns about elevated land surface temperatures, urban heat exposure, 
and the loss of environmental quality, posing significant challenges for sustain-
able urban planning and climate resilience. These challenges are particularly 
important in rapidly developing tropical cities, where urban expansion often 
outpaces the implementation of effective land-use planning and environmental 
management strategies. The heterogeneous land-cover composition, diverse 

Figure 1. Case study area (Raufu and Adediran 2025).
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urban materials, and continuing urban expansion make Ibadan an appropriate 
case study for evaluating the performance of spectral built-up indices in ex-
plaining the spatial variability of land surface temperature.

The study area encompasses both the densely urbanized core and the sur-
rounding peri-urban areas to capture the full range of land-cover conditions and 
urban development gradients characteristic of Ibadan. Including both urban 
and transitional landscapes provides a more comprehensive assessment of 
how the evaluated built-up indices perform under heterogeneous tropical urban 
conditions. While restricting the analysis to the urban core could reduce land-
scape heterogeneity, it would also limit the evaluation of index performance 
across the diverse urban–rural continuum commonly encountered in rapidly 
expanding cities.

2.2. Satellite imagery acquisition

Cloud-free Landsat 9 Operational Land Imager (OLI) and Thermal Infrared Sen-
sor (TIRS) Level-2 surface reflectance data acquired on 8 December 2024 were 
used in this study. Landsat 9 provides multispectral observations in the visible, 
near-infrared (NIR), and shortwave infrared (SWIR) regions at 30 m spatial res-
olution, and thermal infrared data at 100 m spatial resolution (resampled to 
30 m). The Level-2 product contains atmospherically corrected surface reflec-
tance and surface temperature datasets generated through the Landsat Collec-
tion 2 processing pipeline.

The imagery was downloaded from the United States Geological Survey 
Earth Resources Observation and Science (EROS) archive. The surface reflec-
tance bands were used to compute all built-up indices, while the thermal band 
(Band 10) was used for LST estimation. The acquisition date falls within the 
dry season in Ibadan, when atmospheric moisture and vegetation cover are rel-
atively low, thereby enhancing spectral separability and ensuring reliable char-
acterization of built-up surfaces.

2.3. Estimation of land surface temperature

LST was estimated in three stages to capture the spatial variability of surface 
heating across Ibadan. The method accounts for the influence of vegetation 
cover and surface emissivity, ensuring accurate temperature retrieval from 
Landsat thermal data.

Stage 1: Vegetation fraction

The proportion of vegetation (Pv) for each pixel was derived from the Normal-
ized Difference Vegetation Index (NDVI) following Sobrino et al. (2004) (Eq. 1):

 (Eq. 1)

Where NDVI_min and NDVI_max are the minimum and maximum NDVI val-
ues in the image. This step adjusts for the contribution of vegetation, which has 
a distinct thermal emission behaviour compared to impervious surfaces.
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Stage 2: Land surface emissivity

Pixel-wise surface emissivity (ε) was computed using the vegetation frac-
tion (Eq. 2):

ε = 0.004 ∗ 𝑃𝑣 + 0.986 (Eq. 2)

Emissivity reflects a surface’s ability to emit thermal radiation, with higher 
values corresponding to vegetated areas and lower values corresponding to 
bare or impervious surfaces. Incorporating emissivity is essential for convert-
ing satellite-observed thermal radiance into accurate surface temperatures.

Stage 3: LST retrieval

The brightness temperature (Tb) from the thermal band of the Landsat imag-
ery (Band 10) was converted to LST using the following equation (Eq. 3):

 (Eq. 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.

The resulting LST values in Kelvin were converted to degrees Celsius by sub-
tracting 273.15.

This approach generates pixel-level surface temperatures that reflect both 
the material properties of the land surface and vegetation cover. The LST map 
provides the basis for exploring how different built-up indices relate to urban 
heating, allowing a quantitative assessment of which spectral index best cap-
tures thermally active impervious surfaces.

2.4. Built-up spectral indices

In this study, five widely used spectral built-up indices together with the pro-
posed UMI were evaluated to examine their effectiveness in explaining the spa-
tial variability of LST in Ibadan. Built-up indices are mathematical combinations 
of spectral bands derived from multispectral satellite imagery that enhance the 
detection of impervious urban surfaces such as buildings, roads, and other ar-
tificial materials. These indices exploit the distinct spectral behaviour of urban 
materials, which typically exhibit higher reflectance in the SWIR and visible red 
regions and lower reflectance in the NIR and green regions compared with veg-
etation and water bodies.

By emphasizing impervious surfaces while suppressing vegetation and mois-
ture signals, built-up indices provide spatially explicit measures of urbanization 
intensity that can be quantitatively related to surface thermal characteristics. 
Since impervious materials tend to absorb and retain more heat than vegetated 
surfaces, areas with high built-up index values are generally associated with el-
evated LST. The selected indices and their formulations are presented in Table 
1 and described in the following subsections.
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2.4.1. Normalized difference built-up index (NDBI)

The NDBI is one of the most widely applied spectral indices for mapping urban 
and impervious surfaces from multispectral satellite imagery. It exploits the 
characteristic spectral response of built-up materials, which typically exhibit 
higher reflectance in the SWIR region and lower reflectance in the NIR region 
compared to vegetation. Consequently, built-up areas generally produce posi-
tive NDBI values, while vegetation and water bodies yield negative values. NDBI 
values theoretically range from −1 to +1, with higher values indicating stronger 
built-up presence (Zha et al. 2003). The NDBI is computed as (Eq. 4):

NDBI = (SWIR − NIR) / (SWIR + NIR) (Eq. 4)

Where SWIR is the reflectance in the shortwave infrared band, and NIR is the 
reflectance in the near-infrared band.

The index emphasizes impervious surfaces because urban materials such 
as concrete and asphalt reflect strongly in SWIR wavelengths due to low mois-
ture content, whereas vegetation reflects strongly in NIR because of leaf cellu-
lar structure. This contrast enables effective discrimination between built-up 
and vegetated surfaces.

2.4.2. Urban index (UI)

The UI is a spectral ratio designed to enhance the detection of built-up areas us-
ing shortwave infrared and near-infrared reflectance characteristics. Similar to 
NDBI, the index relies on the higher SWIR reflectance and lower NIR reflectance 
of urban materials relative to vegetation. UI values typically range between −1 
and +1, with positive values representing impervious surfaces and negative 
values indicating vegetation or water bodies (Kawamura et al. 1996). The UI is 
calculated as (Eq. 5):

UI = (SWIR₂ − NIR) / (SWIR₂ + NIR) (Eq. 5)

Where SWIR₂ is the reflectance in the second shortwave infrared band and 
NIR is the reflectance in the near-infrared band.

By using the longer-wavelength SWIR₂ band, which is more sensitive to 
surface dryness and mineral composition, the UI improves discrimination be-
tween built-up and vegetated areas, particularly in heterogeneous urban envi-
ronments.

Table 1. List of built-up indices under study.

No. Indices Formula Reference

1 Normalized Difference Built-up Index (NDBI) NDBI = (SWIR − NIR) / (SWIR + NIR) (Zha et al. 2003)

2 Urban Index (UI) UI = (SWIR₂ − NIR) / (SWIR₂ + NIR) (Kawamura et al. 1996)

3 Built-up Index (BUI) BUI = NDBI − NDVI (Lee et al. 2010)

4 Built-up Area Extraction Index (BAEI) BAEI = (Red + SWIR₁) / (NIR + Green) (Bouzekri et al. 2015)

5 Band Ratio for Built-up Area (BRBA) BRBA = SWIR / NIR (Waqar et al. 2012)



74Journal of the Bulgarian Geographical Society 55: 67–84 (2026), DOI: 10.3897/jbgs.e191040

Ibrahim Olatunji Raufu and Adesola Adediran: Performance of spectral built-up indices against land surface temperature

2.4.3. Built-up index (BUI)

The BUI is a composite index developed to improve urban area extraction by 
integrating information from both built-up and vegetation indices. It is derived 
from the difference between NDBI and NDVI, thereby enhancing built-up signals 
while suppressing vegetation influence. Positive BUI values indicate impervi-
ous surfaces, whereas negative values correspond to vegetated areas (He et 
al. 2010). The BUI is expressed as (Eq. 6):

BUI = NDBI − NDVI (Eq. 6)

Where NDBI is the Normalized Difference Built-up Index and NDVI is the Nor-
malized Difference Vegetation Index. The rationale is that built-up areas exhibit 
high NDBI and low NDVI values, while vegetation shows the opposite pattern. 
Subtracting NDVI from NDBI therefore increases separability between urban 
and vegetated land cover.

2.4.4. Built-up area extraction index (BAEI)

The BAEI is designed to enhance urban surface detection by combining visi-
ble red and SWIR reflectance while suppressing vegetation and water signals. 
Built-up materials usually show higher reflectance in both red and SWIR wave-
lengths compared to vegetation and water, making this combination effective 
for urban extraction. Higher BAEI values correspond to built-up areas (Bouzekri 
et al. 2015). The BAEI is computed as (Eq. 7):

BAEI = (Red + SWIR₁) / (NIR + Green) (Eq. 7)

Where Red is the reflectance in the red band, SWIR₁ is the reflectance in 
shortwave infrared band 1, NIR is the reflectance in the near-infrared band, and 
Green is the reflectance in the green band. By placing built-up-responsive bands 
(Red, SWIR) in the numerator and vegetation-responsive bands (NIR, Green) in 
the denominator, BAEI enhances impervious surfaces while reducing vegeta-
tion influence.

2.4.5. Band ratio for built-up area (BRBA)

The BRBA is a simple spectral ratio developed to delineate urban areas based 
on the contrast between SWIR and NIR reflectance. Built-up surfaces typically 
exhibit stronger SWIR reflectance relative to NIR, whereas vegetation shows 
the opposite behaviour. Consequently, BRBA values greater than unity generally 
indicate built-up areas (Waqar et al. 2012). The BRBA is expressed as (Eq. 8):

BRBA = SWIR / NIR (Eq. 8)

Where SWIR is the reflectance in the shortwave infrared band and NIR is the 
reflectance in the near-infrared band. The ratio enhances urban surfaces due to 
their relatively dry and mineral-dominated composition, which increases SWIR 
reflectance while vegetation remains NIR-dominant.
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2.4.6. Urban material index (UMI)

To improve the detection of built-up surfaces and enhance their correspon-
dence with LST, a novel UMI is proposed in this study. The UMI is designed to 
emphasize impervious urban materials while suppressing spectral responses 
from vegetation and bare soil, which remain common sources of misclassifi-
cation in many existing built-up indices. The UMI is formulated as a normalized 
difference index (Eq. 9):

 (Eq. 9)

Where SWIR1 is the shortwave infrared band 1, Red is the red band, NIR is 
the near-infrared band, and Green is the green band of the Landsat sensor. The 
normalized structure constrains UMI values between −1 and +1, enabling direct 
comparison with established spectral indices.

The selection of spectral bands is based on the characteristic reflectance 
properties of urban materials. Impervious surfaces such as asphalt, concrete, 
and roofing materials typically exhibit relatively high reflectance in the SWIR 
region and moderate reflectance in the red band. In contrast, vegetation shows 
strong reflectance in the NIR region, while bare soils and bright surfaces often 
exhibit notable reflectance in the green band. By combining SWIR1 and Red to 
enhance the spectral contribution of built-up materials and opposing them with 
NIR and Green to suppress vegetation and soil signals, the UMI isolates the 
spectral signature of thermally active impervious surfaces.

Compared with conventional indices, the UMI introduces additional discrim-
ination capability through the integration of visible bands within a normalized 
framework. Indices such as NDBI and UI rely primarily on SWIR–NIR contrast 
and frequently misclassify bare soil as built-up. Composite indices such as IBI 
and NBUI improve vegetation and water suppression but do not explicitly in-
corporate visible-band information related to urban construction materials. By 
including both red and green bands alongside SWIR1 and NIR, the UMI reduces 
soil-related confusion and enhances the representation of impervious urban 
surfaces that strongly influence surface thermal patterns.

The UMI is particularly suited for studies investigating the thermal effects of 
urbanization, as it targets surfaces that absorb and re-radiate heat more effi-
ciently than vegetated or moist surfaces. In this study, the performance of UMI 
is quantitatively evaluated through correlation analysis with LST and compared 
with six established built-up indices (NDBI, UI, BUI, BAEI, and BRBA). This com-
parative framework enables an objective assessment of the ability of UMI to 
represent thermally significant urban materials and demonstrates its potential 
as a robust spectral indicator for urban heat studies.

3. Results and Discussion

3.1. Spatial distribution of built-up indices

The spatial distribution of the various spectral built-up indices derived for the 
study area, as illustrated in Fig. 2A–G, provides important insights into the 
spatial variability of urban development and impervious surface characteris-
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tics. These indices highlight differences in urban morphology, land cover com-
position, and the extent of built-up structures across the study area. Fig. 2A 
presents the spatial distribution of the NDBI with values ranging from −0.28 to 
0.41 and a mean value of −0.07. Positive NDBI values generally correspond to 
built-up surfaces such as residential areas, road networks, and commercial in-
frastructure, while negative values are associated with vegetated surfaces and 
water bodies. Areas exhibiting relatively higher NDBI values are predominant-
ly concentrated within the highly urbanized parts of the study area, reflecting 
dense infrastructural development and impervious surface coverage.

Figure 2. Spatial distribution of spectral built-up indices derived for the study area. A NDBI B UI C BUI D BAEI E BRBA 
F UMI.
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The UI index shown in Fig. 2B ranges between −0.42 and 0.64, with a mean 
value of −0.18. The UI demonstrates strong contrast between built-up surfac-
es and surrounding land cover types. Higher UI values are mainly observed 
within the central urban districts characterized by dense settlements and in-
frastructural expansion, while lower values correspond to areas dominated 
by vegetation, open spaces, or agricultural land. Fig. 2C illustrates the spatial 
distribution of the BUI index, which ranges from −0.77 to 0.29, with an aver-
age value of −0.33. The predominance of negative values across much of the 
study area indicates that substantial portions still contain vegetation or mixed 
land cover types. However, relatively higher BUI values are concentrated within 
the urban core where impervious surfaces dominate the landscape.

Fig. 2D presents the BAEI with values ranging from 0.25 to 0.68, and a mean 
value of 0.40. Unlike several other indices that produce both positive and neg-
ative values, BAEI values remain consistently positive across the study area. 
Higher values correspond to areas dominated by built-up structures, indicating 
the index’s efficiency in detecting impervious surfaces within complex urban 
environments. The BRBA index illustrated in Fig. 2E ranges from 0.32 to 1.77, 
with an average value of 0.67. Higher BRBA values are generally associated 
with areas characterized by dense urban infrastructure and minimal vegetation 
cover, while relatively lower values correspond to vegetated or mixed land cover 
regions.

Fig. 2F shows the spatial distribution of the UMI with values ranging from 
−0.21 to 0.30 and a mean value of −0.04. The relatively narrower range of 
values suggests moderate sensitivity in distinguishing built-up surfaces from 
surrounding land cover types. Nevertheless, higher UMI values are observed 
in areas characterized by significant urban development and a higher concen-
tration of impervious surfaces. As a newly proposed spectral indicator in this 
study, UMI is designed to enhance the detection of thermally significant urban 
surfaces that contribute to variations in land surface temperature. The spatial 
pattern observed in the UMI map therefore highlights its potential effective-
ness in capturing urban material characteristics associated with heat accu-
mulation.

The spatial distribution of built-up indices across Fig. 2A–F also reveals 
a clear spatial trend characterized by higher index values within the central 
urban districts and progressively lower values toward the peripheral regions 
of the study area. This pattern reflects the spatial structure of urban devel-
opment within Ibadan. The metropolitan core areas, including Ibadan North, 
Ibadan North-West, Ibadan South-West, Ibadan North-East, and Ibadan 
South-East, are characterized by dense residential settlements, commercial 
establishments, road infrastructure, and other impervious surfaces. These 
urban features contribute to elevated built-up index values within the city 
center. In contrast, peripheral regions such as Ona Ara, Lagelu, and Oluyole 
are dominated by agricultural land, natural vegetation, and relatively lower 
settlement density. These areas contain larger proportions of permeable 
surfaces and green spaces, resulting in lower built-up index values. The ob-
served spatial pattern therefore reflects the influence of urban expansion, 
land-use intensity, and human activities on the distribution of built-up surfac-
es across the study area.
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3.2. Spatial distribution of LST

The spatial distribution of LST across the study area is presented in Fig. 3. LST val-
ues span from 30.13°C to 43.70°C, with an average of 35.80°C, revealing substantial 
variability in surface thermal conditions. Elevated temperatures are particularly con-
centrated in urbanized zones, highlighting the pronounced influence of impervious 
surfaces, dense infrastructure, and anthropogenic heat on the thermal environment. 
The LST map reveals several distinct thermal hotspots predominantly concentrated 
within the highly urbanized portions of the city. Notably, elevated temperatures are 
observed in Ibadan North, Ibadan North-West, Ibadan South-West, Ibadan North-
East, Ibadan South-East, and the outskirts of Ido, where dense urban development 
and extensive impervious surfaces are prevalent. These areas experience higher 
surface temperatures largely due to reduced vegetation cover, the dominance of 
heat-absorbing materials such as asphalt, concrete, and roofing materials, and in-
creased anthropogenic heat emissions associated with urban activities.

Figure 3. Spatial distribution of LST across the study area.

The concentration of built-up infrastructure within these urban cores signifi-
cantly alters the surface energy balance by increasing solar radiation absorp-
tion and reducing evapotranspiration processes. Impervious surfaces typically 
exhibit lower albedo and higher heat storage capacity compared to natural land 
cover, enabling them to absorb and retain large amounts of thermal energy 
during the daytime and gradually release it into the surrounding environment. 
This process contributes substantially to the development and persistence of 
the UHI phenomenon within the study area. In contrast, relatively lower LST 
values are observed in the peripheral regions, including parts of Lagelu, Ona 
Ara, and Oluyole, where vegetation cover, agricultural land, and open spaces 
remain more prevalent. These areas benefit from enhanced evapotranspiration 
and shading effects provided by vegetation, which contribute to surface cool-
ing and consequently lower thermal intensity compared to the urban core.
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3.3. Relationship between LST and spectral built-up indices

To examine the relationship between LST and spectral built-up indices, 2,086 
sample points were generated using the random point generation tool in Arc-
GIS Pro. A random sampling strategy was adopted to minimize subjective bias 
and ensure that different land-cover types and urban development patterns 
within the study area were represented. The sample size was selected to pro-
vide sufficient spatial coverage while maintaining computational efficiency for 
the statistical analyses. Following generation, the spatial distribution of the 
points was visually inspected to confirm that they were well distributed across 
the study area and did not exhibit noticeable clustering within particular urban 
zones. Figure X illustrates the spatial distribution of the sampling points used 
in the analysis. Linear regression analyses were conducted, and the results 
were visualized using 2D scatterplots (Fig. 4A–F). The corresponding statisti-
cal metrics, including RMSE, Pearson correlation coefficient (R), and coefficient 
of determination (R²), are summarized in Table 2.

Table 2. Statistics of built-up indices and LST relationship.

Statistics NDBI/ LST UI/ LST BUI/ LST BAEI/ LST BRBA/ LST UMI/ LST

RMSE 1.543 1.461 1.472 2.841 3.271 1.514

R 0.889 0.901 0.900 0.539 0.244 0.894

R2 0.791 0.812 0.809 0.290 0.060 0.798

Among the indices examined, UI and BUI are the strongest predictors of LST 
among the evaluated indices, followed closely by NDBI. UI achieved the highest 
correlation (R = 0.901, R² = 0.812) and the lowest RMSE (1.461), while BUI (R² 
= 0.809) and NDBI (R² = 0.791) also exhibited strong explanatory power. These 
findings indicate that approximately 79–81% of the spatial variability in LST with-
in the study area can be explained by these indices, suggesting that they effec-
tively represent the distribution of thermally active impervious surfaces. Their 
superior performance is likely attributable to the inclusion of SWIR bands, which 
are highly sensitive to built-up materials and less influenced by vegetation than 
visible and NIR wavelengths. Similar observations have been reported in previ-
ous studies. Bonafoni (2015) demonstrated strong relationships between NDBI, 
UI, BUI, and LST in Rome, while Guha and Govil (2024) and Guha et al. (2025) 
likewise reported moderate to strong positive associations between these indi-
ces and LST in tropical urban environments. Kebede et al. (2022) further showed 
that SWIR-based built-up indices generally provide more reliable discrimination 
of impervious surfaces than conventional indices in heterogeneous urban land-
scapes. The agreement between the present findings and previous studies sug-
gests that these indices consistently capture urban thermal characteristics de-
spite differences in geographical setting and urban morphology.

The proposed Urban Material Index (UMI) also exhibited a strong relation-
ship with LST (R = 0.894, R² = 0.798, RMSE = 1.514), demonstrating perfor-
mance comparable to the strongest conventional indices evaluated in this 
study. The incorporation of SWIR1 and red reflectance while suppressing NIR 
and green reflectance appears to enhance the representation of thermally sig-
nificant impervious surfaces, particularly in areas characterized by complex 



80Journal of the Bulgarian Geographical Society 55: 67–84 (2026), DOI: 10.3897/jbgs.e191040

Ibrahim Olatunji Raufu and Adesola Adediran: Performance of spectral built-up indices against land surface temperature

urban fabrics and mixed land-cover conditions. Rather than replacing existing 
indices, the results suggest that UMI provides an additional spectral alterna-
tive for assessing urban thermal environments in tropical cities. Nevertheless, 
the present evaluation was conducted using a single study area and a single 
observation period. Consequently, broader validation across different climatic 
regions, urban forms, seasons, and satellite sensors is required regarding its 
robustness and transferability.

Figure 5. Built-up indices and LST relationship. A NDBI/LST B UI/LST C BUI/LST D BAEI/LST E BRBA/LST F UMI/LST.
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Conversely, BAEI and BRBA exhibited considerably weaker relationships with 
LST (R² = 0.290 and 0.060, respectively). Their comparatively poor performance 
suggests that spectral indices originally developed primarily for built-up area 
extraction may not necessarily provide the strongest representation of urban 
thermal variability. This may be attributed to spectral mixing between impervi-
ous surfaces, exposed soils, and sparse vegetation, which is common in rapidly 
urbanizing tropical environments and can reduce the ability of some indices to 
isolate thermally active urban materials. These findings reinforce previous ob-
servations that the effectiveness of built-up indices is highly dependent on local 
environmental conditions, urban morphology, and land-cover composition rather 
than on the formulation of the index alone (Kebede et al. 2022; Guha et al. 2025).

Overall, the results reinforce the well-established relationship between ur-
banization and elevated land surface temperatures while providing a compara-
tive assessment of the relative performance of commonly used spectral built-
up indices in a tropical urban environment. By evaluating multiple indices under 
identical environmental conditions, this study demonstrates that indices incor-
porating SWIR information consistently outperform those relying on simpler 
spectral combinations for explaining spatial LST variability. Furthermore, the 
introduction of UMI provides an additional approach for representing thermally 
significant impervious surfaces and contributes to ongoing efforts to improve 
spectral characterization of urban materials in heterogeneous tropical cities. 
Although the present study was intentionally designed as a single-date com-
parative assessment, extending the analysis to multi-temporal datasets would 
provide valuable insight into the temporal stability of the evaluated indices and 
the influence of urban expansion on LST over time. Such analyses represent an 
important direction for future research.

The findings have practical implications for urban planning and climate 
adaptation. Identifying indices that most effectively represent urban thermal 
conditions can support the monitoring of urban heat hotspots, guide the priori-
tization of green infrastructure, and assist decision-makers in developing strat-
egies to mitigate urban heat island effects. More broadly, the results provide 
evidence that careful selection of spectral built-up indices is essential for im-
proving the reliability of satellite-based urban thermal assessments in rapidly 
urbanizing tropical environments.

4. Conclusion

This study provides comprehensive insights into the relationship between spec-
tral built-up indices and LST in a rapidly urbanizing environment. Through quan-
titative analysis of satellite imagery and regression modeling, we assessed 
the performance of six established built-up indices (NDBI, UI, BUI, BAEI, BRBA) 
alongside the novel UMI in explaining spatial variability of LST across the study 
area. The results indicate that UI, BUI, NDBI, and UMI exhibit strong positive cor-
relations with LST, highlighting their effectiveness in capturing the thermal in-
fluence of impervious surfaces and urban structural complexity. Among these, 
UMI exhibited performance comparable to the strongest conventional indices 
evaluated in this study, indicating its potential as an additional spectral indica-
tor for urban thermal assessment in tropical urban environments. In contrast, 
BAEI and BRBA showed comparatively weak relationships with LST, suggesting 
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reduced sensitivity to heterogeneous urban land-cover conditions. These find-
ings emphasize that spectral built-up indices differ considerably in their ability 
to explain urban thermal variability and highlight the importance of selecting 
indices that effectively represent thermally active impervious surfaces. By in-
troducing UMI, this study contributes an additional spectral approach for char-
acterizing urban materials in heterogeneous tropical cities while providing a 
comparative evaluation of its performance relative to commonly used built-up 
indices. The results have practical implications for urban planning and climate 
adaptation by supporting the identification of urban heat hotspots, informing 
green infrastructure planning, and guiding strategies aimed at reducing the 
impacts of urban heat. Although the findings are encouraging, the proposed 
UMI was evaluated using a single tropical urban environment and a single-date 
satellite observation. Consequently, further validation across different climatic 
regions, urban forms, seasons, and satellite sensors is required to establish its 
broader robustness and transferability. Future research should also incorporate 
multi-temporal satellite datasets to investigate how the relationships between 
built-up indices and LST evolve with urban expansion, integrate higher-resolu-
tion satellite or UAV imagery to capture fine-scale urban characteristics, and ex-
amine the influence of additional environmental and socio-economic variables 
on urban thermal dynamics.
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