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vegetation, as green spaces are increasingly replaced by 
impervious surfaces such as buildings, roads, and other 
infrastructure.

Vegetation plays a critical role in maintaining ecosys-
tem functionality within urban environments by regulating 
microclimates, enhancing evapotranspiration, sequestering 
carbon, and moderating surface and atmospheric tempera-
tures (Hu et al. 2023; Liu et al. 2025; Zhang et al. 2023). 
However, increasing anthropogenic pressure associated 
with rapid urban expansion has significantly weakened 
these regulating functions in many rapidly growing cities, 

1  Introduction

Rapid urbanization is one of the most dominant drivers of 
environmental change worldwide, particularly in cities of 
the Global South, where population growth, infrastructure 
expansion, and land conversion occur at unprecedented 
rates (Li et al. 2022; Myers 2021; Seto et al. 2013). As cit-
ies expand, urban growth alters land use/land cover (LULC) 
patterns through the conversion of natural and semi-natural 
landscapes into built-up environments (Assede et al. 2023; 
Mir et al. 2025). One of the most immediate consequences 
of this transformation is the loss and fragmentation of urban 
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Abstract
Rapid and unplanned urban expansion across sub-Saharan Africa has intensified landscape degradation and surface warm-
ing; however, long-term integrated assessments linking land use/land cover (LULC) change, vegetation dynamics, and 
land surface temperature (LST) remain limited. Addressing this gap, this study analyses land-use/land-cover (LULC) 
dynamics and their thermal implications in the Accra Metropolitan Area (AMA) from 2000 to 2020, with projections to 
2050. Using Landsat imagery within an integrated analytical framework, we combined a random forest classifier for his-
torical LULC mapping, the MOLUSCE CA–ANN model for future scenario simulation, and Geo-detector and K-means 
clustering to quantify drivers and spatial patterns of thermal variation. Results indicate substantial landscape restructuring: 
vegetation cover declined from 35.7% in 2000 to 22.7% in 2020 and is projected to decrease to approximately 10.2% by 
2050. Concurrently, built-up areas expanded from 62.5% to 75.6%, with projections suggesting continued growth under 
a business-as-usual scenario. These transitions have substantially increased land surface temperature (LST), as evidenced 
by a strong negative correlation between NDVI and LST (r = − 0.9) and a positive correlation between NDBI and LST 
(r = 0.8). Spatial analysis identified built-up expansion as the dominant driver of surface warming, with intensifying urban 
heat island effects concentrated in central and southern AMA. By integrating long-term forecasting with a mechanistic 
assessment of land-cover change and surface energy dynamics, this study provides actionable evidence for targeted mitiga-
tion. Without urgent policy intervention, AMA faces escalating ecological and climatic risks. The findings offer a robust 
scientific basis for green infrastructure planning and sustainable urban management, aligned with SDGs 11, 13, and 15 in 
Accra and other rapidly urbanized contexts.
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contributing to intensified surface warming and broader 
ecological stress.

Population growth intensifies demand for housing, trans-
portation networks, commercial infrastructure, and public 
services, often resulting in the conversion of vegetated and 
agricultural land into impervious built-up surfaces (Bhat-
tarai and Conway 2020; Chithra et al. 2016). Numerous 
studies have demonstrated that human-induced land cover 
change exerts a stronger influence on vegetation dynam-
ics than natural processes, particularly in urban and peri-
urban environments (Awotwi et al. 2018; Sarfo et al. 2023a, 
b, 2024). The environmental consequences of vegetation 
loss include increased flood risk, soil erosion, biodiversity 
decline, and intensified land surface temperature (LST), 
collectively exacerbating urban heat island (UHI) effects 
(Alademomi et al. 2022; Yeboah et al. 2025).

While some high-income countries have mitigated vege-
tation loss through effective land-use governance and refor-
estation initiatives, this trend is not universal. For example, 
studies in parts of Europe and East Asia have reported stable 
or increasing urban vegetation cover despite continued pop-
ulation growth, largely due to strong land-use governance, 
reforestation programs, and institutionalized urban green-
ing policies (Ahmadzai et al. 2022; Anselmetto et al. 2024; 
Enescu et al. 2025). These outcomes are typically observed 
in contexts characterized by effective zoning enforcement, 
long-term environmental planning, and public investment in 
green infrastructure. However, such institutional and regu-
latory frameworks differ substantially from those of many 
rapidly urbanizing cities in sub-Saharan Africa, where 
informal settlement expansion, weak enforcement mecha-
nisms, and limited urban ecological planning contribute to 
continued vegetation decline (Awuah and Abdulai 2022; 
Baye 2025).

In Ghana, urban centres such as Accra, Kumasi, Tamale, 
and Sekondi-Takoradi have undergone rapid demographic 
and spatial expansion over recent decades (Abass et al. 
2018; Songsore 2020). National assessments indicate sub-
stantial loss of vegetation and forest cover, driven primar-
ily by urbanization and land conversion (Acheampong et al. 
2022; Oduro et al. 2025). Remote sensing studies have doc-
umented these changes across multiple cities. For instance, 
Frimpong et al. (2024a); Frimpong et al. (2024b) reported 
significant increases in built-up areas at the expense of 
vegetation in Kumasi and Accra, while Biney and Boakye 
(2021) and Sarfo et al. (2022) observed extensive land 
cover transitions associated with urban sprawl in Sekondi-
Takoradi. Similarly, Amekudzi et al. (2024) demonstrated a 
strong relationship between urban expansion and rising LST 
in the Greater Accra Region.

Despite these contributions, notable gaps remain in the 
existing literature. The Accra Metropolitan Area (AMA), 

Ghana’s political and economic hub, represents a criti-
cal case due to its rapid urban growth, dense population, 
and escalating environmental pressures. Many Ghanaian 
studies are spatially constrained to selected sub-metropol-
itan areas or river basins, limiting their ability to capture 
city-wide dynamics (Ackom et al. 2020; Frimpong et al. 
2024a). Moreover, most analyses focus on historical land 
cover change without extending projections beyond 2030, 
even though longer-term forecasts are essential for climate 
adaptation and sustainable urban planning (McManamay et 
al. 2024; Seto et al. 2013). In addition, few studies apply 
spatial heterogeneity tools such as Geo-detector or cluster-
ing algorithms to quantify the relative contribution of differ-
ent LULC types to spatial variations in LST and vegetation 
health (Estoque et al. 2017; Wang et al. 2022).

Building on previous studies that have documented his-
torical land-cover dynamics and applied predictive mod-
elling frameworks, this study advances understanding by 
integrating predictive modelling and spatial heterogeneity 
analysis to quantify how specific land-use transitions drive 
vegetation loss and surface warming across the entire Accra 
Metropolitan Area. By combining multi-temporal Landsat-
based LULC analysis (2000, 2010, 2020), long-term pro-
jections (2030 and 2050) using the MOLUSCE framework, 
and advanced spatial analytical techniques (Geo-detector 
and K-means clustering), this study provides a compre-
hensive and mechanistic assessment of urban ecological 
change. The findings offer policy-relevant insights for urban 
heat mitigation, green infrastructure planning, and climate-
resilient urban development, with implications extending to 
other rapidly urbanizing cities in sub-Saharan Africa.

2  Materials and methods

2.1  Conceptual framework

Environmental change in rapidly urbanizing regions results 
from the interaction of demographic growth, land-use pres-
sures, and governance responses. This study adopts an inte-
grated conceptual framework to examine how population 
growth, urban expansion, and policy implementation inter-
act to influence vegetation cover dynamics and land surface 
temperature (LST) patterns within the Accra Metropolitan 
Area (AMA) (Attua and Fisher 2011). Figure 1 illustrates 
these relationships and provides a structured basis for under-
standing the processes driving vegetation change and sur-
face warming. As shown in Fig. 1, population growth driven 
by natural increase and migration stimulates urbanization 
and increases demand for land for residential development 
and infrastructure. As urban areas expand to accommodate 
housing and other urban facilities, natural vegetation is 
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increasingly converted into built-up surfaces. This conver-
sion places significant pressure on vegetation cover, result-
ing in vegetation loss and degradation.

Vegetation plays a critical role in regulating urban micro-
climates through shading, evapotranspiration, and surface 
cooling processes. However, vegetation clearing for infra-
structure reduces these regulating functions, thereby increas-
ing land surface temperatures. In addition, the removal of 
vegetation exposes soil surfaces, increasing susceptibility 
to environmental degradation processes such as soil erosion 
during intense rainfall events (Yiran et al. 2012). Over time, 
these processes contribute to declining vegetation health 
and increased surface temperatures across urban landscapes 
(Zhang et al. 2023). The framework also recognizes that pol-
icy implementation and governance mechanisms can influ-
ence these dynamics. Effective urban planning policies and 
vegetation protection measures can help mitigate vegetation 
loss and moderate surface temperatures through strategies 
such as green infrastructure planning and controlled land-
use development. Conversely, weak policy enforcement 
may allow uncontrolled land conversion, further accelerat-
ing vegetation degradation and urban heat accumulation. In 
this way, policy implementation acts as a mediating factor 

that can either mitigate or exacerbate the environmental 
impacts of rapid urbanization.

The concept demonstrates that policy implementation 
can either mitigate or exacerbate the environmental impacts 
of urban expansion. In several cities, effective policy imple-
mentation has helped protect urban vegetation and moderate 
surface temperatures through green infrastructure planning 
and urban greening programs. For example, large-scale 
urban tree planting and green corridor initiatives in cities 
such as Singapore and Seoul have contributed to improved 
vegetation cover and measurable reductions in urban heat 
island intensity (Gill et al. 2007; Tan et al. 2016). Similarly, 
urban greening policies and ecological restoration programs 
implemented in Chinese cities have been shown to enhance 
vegetation cover and reduce surface temperatures (Zhang et 
al. 2017). Conversely, weak policy enforcement or poorly 
coordinated urban planning can accelerate vegetation loss 
and environmental degradation. In many rapidly urbanizing 
cities in the Global South, limited enforcement of land-use 
regulations has allowed uncontrolled land conversion and 
deforestation for infrastructure development, contributing 
to declining vegetation health and increasing land surface 
temperatures (Seto et al. 2013; Cobbinah and Aboagye 
2017).

Fig. 1  A conceptual framework illustrating the relationships among population growth, urban expansion, land demand, vegetation loss, and land 
surface temperature (LST), with policy implementation acting as a moderating factor
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heat dynamics and vegetation loss associated with rapid 
urbanization.

2.3  Study area description

The Accra Metropolitan Area (AMA), the capital and most 
densely populated city of Ghana, was selected for this study 
as a highly representative case of rapid, unplanned urbaniza-
tion in sub-Saharan Africa (Fig. 3) (Abass et al. 2018; Yiran 
et al. 2020). This research utilizes the historical adminis-
trative boundary of the AMA, which covered 139.674 km² 
and encompassed ten sub-metropolitan districts (Ghana Sta-
tistical Service 2014), as this broader spatial extent more 
effectively captures the core urban agglomeration and the 
dynamic peri-urban zones experiencing the most intense 
land use transitions (Cobbinah and Aboagye 2017). Bor-
dered by other rapidly urbanizing municipalities (Ga West, 
Ga South, La Dadekotopon) and the Gulf of Guinea, the 
region is a constrained and dynamic urban region (Grant 

2.2  Methodology overview

This study employs an integrated geospatial and machine 
learning framework to investigate land use/land cover 
(LULC) dynamics and their impacts on vegetation and land 
surface temperature (LST) in the Accra Metropolitan Area. 
As illustrated in Fig. 2, satellite imagery from 2000, 2010, 
and 2020 was preprocessed using radiometric correction, 
cloud masking, and area-of-interest clipping. Key environ-
mental indicators, Normalized Difference Vegetation Index 
(NDVI), Normalized Difference Built-up Index (NDBI), 
and LST, were derived from the processed imagery. A Ran-
dom Forest classifier was used to generate LULC maps 
for each period. These maps were subsequently analyzed 
using Geo-detector and K-means clustering to quantify spa-
tial relationships between land cover and thermal patterns. 
Future LULC scenarios for 2030 and 2050 were simulated 
using the MOLUSCE modelling framework. The com-
bined analyses enabled an integrated assessment of urban 

Fig. 2  A methodological workflow of the study
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increase in land surface temperature (Owusu et al. 2023). 
The findings from this focused study are therefore directly 
applicable to similar urban centers throughout sub-Saharan 
Africa.

2.4  Satellite dataset and processing

Landsat images for the Accra Metropolitan Area were 
downloaded from the United States Geological Survey 
(USGS) Earth Explorer portal (​h​t​t​p​​s​:​/​​/​e​a​r​​t​h​​e​x​p​​l​o​r​e​​r​.​u​​s​g​s​​.​g​o​
v​/). Level-2 Surface Reflectance products from the Landsat 
Collection 2 dataset were used, which provide atmospheri-
cally corrected and analysis-ready imagery suitable for land 
cover and surface temperature analysis. The dataset included 
Landsat 5 Thematic Mapper (TM) imagery for 2000, Land-
sat 7 Enhanced Thematic Mapper Plus (ETM+) imagery 
for 2010, and Landsat 8 Operational Land Imager/Thermal 
Infrared Sensor (OLI/TIRS) imagery for 2020, all from path 
193, row 055 of the Worldwide Reference System (WRS-2) 
and at a 30-meter spatial resolution (Yeboah et al. 2025). 
To ensure comparability, all images were selected from the 
dry season (December–February) to minimize atmospheric 

and Nijman 2004). Climatically, the area features a tropi-
cal savanna climate with an average annual temperature of 
26.8 °C and a low annual rainfall of 730 mm (Ansah et al. 
2020), supporting diverse vegetation forms including man-
groves, grasslands, shrublands, and forests (Acheampong et 
al. 2018).

As Ghana’s primary economic and administrative hub, 
the AMA exemplifies the powerful pressures driving urban 
change across the region (Grant and Yankson 2003). The 
metropolis recorded a population of over 1.66  million in 
the 2010 Population and Housing Census, with immigrants 
constituting approximately 47% of residents (Ghana Statis-
tical Service 2014). Although more recent census exercises 
confirm continued population growth in the metropolis, the 
2010 census provides the most recent detailed breakdown 
of migrant composition. This substantial demographic 
pressure has contributed to intensified demand for housing 
and infrastructure (Cobbinah et al. 2015). This has directly 
catalyzed the massive destruction of vital vegetation cover, 
making the AMA a critical and generalizable case study for 
investigating the spatiotemporal dynamics of urbanization, 
its precise impact on vegetation health, and the resulting 

Fig. 3  The location of the study area. (A) The Accra Metropolis showing the various towns and Accra as the capital, and (B) the Ghana map show-
ing the regional boundaries and AMA’s position
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the corresponding pixel values from these bands and indices 
were used as input features for the Random Forest algo-
rithm, while the associated land cover label served as the 
target class during model training. The accuracy of the Ran-
dom Forest classification was assessed using overall accu-
racy and producer’s accuracy. Although NDVI and NDBI 
were calculated using specific spectral bands, the Random 
Forest classification utilized the full set of available multi-
spectral bands as predictor variables to improve discrimina-
tion between vegetation, built-up areas, bare land, and water 
bodies. The details of the satellite datasets used are summa-
rized in Table 1.

2.4.1  Processes of LULC prediction

The random forest machine learning algorithm was 
employed for the land use/cover classification (Breiman 
2001). The land use/cover classes included vegetation (all 
green areas, such as parks, grassland, and forest), bare 
lands (open land showing soil), built-up (buildings, pave-
ment, roads), and water bodies (Sarfo et al. 2024; Kowe et 
al. 2021). Within the Accra Metropolitan Area, agricultural 
land is limited and primarily consists of small peri-urban 
cultivation plots, which were grouped within the broader 
vegetation class due to their relatively small spatial extent 
and similar spectral characteristics in the Landsat imag-
ery. This study used post-classification change detection to 
detect spatial changes between 2000 and 2020 in the Accra 
Metropolitan Area. Change detection quantifies, offers 
changes, and shows the distribution of changing informa-
tion among classes over time (Sarfo et al. 2023a, b). The 
accuracy of the classification was assessed by using over-
all, producer, and user accuracy. The confusion matrix was 
generated by comparing classified raster outputs with the 
independent validation dataset. While 30% of the ground 
truth points were reserved for validation, accuracy assess-
ment was conducted using a confusion matrix comparing 
classified outputs with reference data. Thus, accuracy met-
rics reflect pixel-level agreement between classified outputs 
and reference labels. This clarification ensures distinction 
between the reference sample size and pixel-based support 
counts used in accuracy reporting. With this, we initialized 

interference and variations in vegetation phenology. The 
images were also chosen for their minimal cloud cover and 
absence of errors, such as scan line corrector (SLC)-off 
gaps on Landsat 7. The images underwent preprocessing, 
including radiometric calibration and layer stacking. For 
visualization and feature interpretation, standard false-color 
composite band combinations were used, including bands 7 
(Mid-Infrared), 4 (Near-Infrared), and 2 (Green) for Landsat 
7 ETM+, bands 6 (Shortwave-Infrared 1), 5 (Near-Infrared), 
and 3 (Green) for Landsat 8 OLI/TIRS, and bands 5 (Mid-
Infrared), 4 (Near-Infrared), and 2 (Green) for Landsat 5 
TM. These band combinations enhance the discrimination 
of vegetation, built-up areas, and bare land and are widely 
used in urban land-cover studies. However, for the Random 
Forest classification, the full set of available multispectral 
bands for each sensor, in addition to derived indices (NDVI 
and NDBI), was used as predictor variables to improve 
class separability. A total of 100 ground truth points were 
collected for each period. 70% (70%) of these points were 
used to train the random forest classification algorithm, 
while the remaining 30% (30%) were reserved for accuracy 
assessment. The ground truth samples were selected using 
a stratified random sampling approach to ensure represen-
tation across all four land-use land-cover classes (built-up, 
vegetation, bare land, and water bodies). Sample points 
were spatially distributed throughout the study area to cap-
ture landscape heterogeneity, and class labels were verified 
using high-resolution Google Earth imagery and ancillary 
local knowledge. This stratified design was implemented to 
minimize class imbalance and ensure that each land cover 
type was adequately represented in both the training and 
validation subsets. For the Random Forest classification, 
the training dataset consisted of the spectral reflectance 
values extracted from the Landsat imagery at the locations 
of the reference points. These predictor variables included 
the Landsat spectral bands used in the analysis as well as 
derived spectral indices such as the Normalized Differ-
ence Vegetation Index (NDVI) and the Normalized Differ-
ence Built-up Index (NDBI). The inclusion of both spectral 
bands and indices improves the discrimination of land cover 
classes by capturing differences in vegetation density, built-
up surfaces, and soil exposure. For each ground truth point, 

Table 1  Satellite imagery data sources, spatial resolution, and spectral indices used for LULC classification and analysis in the Accra Metropolitan 
Area
Year Satellite / Sensor Bands Used

(Classification)
Bands Used (Indices) Spatial 

Resolution
Spectral
Index

Formula

2000 Landsat 5 TM Bands 1–5, 7 B4 (NIR), B3 (Red), B5 (SWIR) 30 m NDVI (B4 − B3) / (B4 + B3)
NDBI (B5 − B4) / (B5 + B4)

2010 Landsat 7 ETM+ Bands 1–5, 7 B4 (NIR), B3 (Red), B5 (SWIR) 30 m NDVI (B4 − B3) / (B4 + B3)
NDBI (B5 − B4) / (B5 + B4)

2020 Landsat 8 OLI/TIRS Bands 1–7, 10–11 B5 (NIR), B4 (Red), B6 (SWIR) 30 m NDVI (B5 − B4) / (B5 + B4)
NDBI (B6 − B5) / (B6 + B5)
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framework by varying key predictor weights and neighbor-
hood configurations across multiple simulation runs. The 
variability among simulation outputs was quantified to esti-
mate an uncertainty range of approximately ± 5–7% relative 
to the central projection estimate. Importantly, projected 
land cover proportions were constrained by the total avail-
able land area within the Accra Metropolitan Area boundary 
to ensure that the simulated built-up extent does not exceed 
100% of the study area. Thus, projection ranges represent 
physically bounded and plausible scenario outcomes rather 
than unconstrained extrapolations.

2.5  NDVI and NDBI indices

The Normalized Vegetation Difference Index (NDVI) is one 
of the indices used to assess the health of vegetation. NDVI 
is a measurement of the health of a plant based on how it 
absorbs and reflects light at particular frequencies, and it 
is mathematically expressed as the difference between the 
Near Infrared band and the Red band (Faisal et al. 2020). 
NDVI values range from − 1 to 1, where low NDVI val-
ues show little or no vegetation potential, while high NDVI 
values reveal abundant vegetation (Faisal et al. 2020; Hu et 
al. 2023). Normalized Difference Built-up Index (NDBI) is 
used to extract built-up features from remote sensing data, 
like Landsat imagery, and it is calculated by the difference 
between the Short-wave Infrared (SWIR) band and the Near 
Infrared (NIR) band (Sarfo et al. 2024). NDBI values range 
from − 1 to 1, where values closer to 1 express a higher 
density of built-up areas. Moreover, Sarfo et al. (2023a, b) 
asserted that the integration of NDVI and NDBI enables 
thorough examination and illustration of shifts in land cover 
and patterns of urbanization. See Table 1 for the formulas 
used to calculate the NDVI and NDBI, where B is the Bands 
of the satellite imagery.

2.6  Land Surface Temperature (LST) analysis

LST is a crucial indicator for numerous environmental 
issues because it connects land surface fluxes and the surface 
atmosphere, according to Sarfo et al. (2023a, b). Satellite 
remote sensing is the most effective method for measuring 
LST and producing several LST products at the regional and 
global levels (Zhang et al. 2023). The following three steps, 
namely digital number (DN) to radiance, radiance to tem-
perature, and temperature to degrees Celsius, were utilized 
and processed for the LST in ArcMap 10.8.2

2.6.1  Digital number to radiance

The ETM + DN values range between 0 and 255. A conver-
sion of DN to spectral radiance was performed by Sarfo et 

the MOLUSCE model with historical data from 2010 to 
2020 to project the LULC for the years 2030 and 2050. This 
simulated map was then quantitatively compared against a 
ground-truth, independently classified from the historical 
dataset, which served as the validation benchmark. To vali-
date the predictive performance of the MOLUSCE model, 
a hindcasting approach was implemented in which earlier 
LULC maps were used to simulate the land cover distribu-
tion for a known reference year. Specifically, the model was 
first calibrated using historical LULC maps and then used 
to generate a simulated map for 2020. The simulated 2020 
map was subsequently compared with the independently 
classified 2020 LULC map to evaluate model performance 
before generating future projections. The comparison was 
performed using a confusion matrix to calculate key accu-
racy metrics for each LULC class and the model overall.

Predictions for 2030 and 2050 were derived using Mod-
ules for Land Use Change Evaluation (MOLUSCE) inte-
grated into QGIS version 2.18 (Isinkaralar et al. 2023; 
Kamaraj and Rangarajan 2022). The 2010 and 2020 land 
cover maps were used to calibrate the model because 
MOLUSCE simulations require two temporally sequential 
maps to estimate transition probabilities, and the most recent 
period was selected to better capture contemporary urban 
expansion dynamics within the Accra Metropolitan Area. 
This software tool employs Cellular Automata and Artificial 
Neural Network (CA-ANN) methodologies alongside simu-
lations (Kamaraj and Rangarajan 2022; Muhammad et al. 
2022), which are used to anticipate changes in AMA classes 
based on land use/cover maps from 2010 to 2020. The ana-
lytical process primarily involves evaluating correlation 
(EC), quantifying area alterations, transition potential com-
putation (TPC) modelling, and validation conducted across 
four (4) iterations. Baseline data for the predictions include 
a Digital Elevation Model (DEM), a road raster georefer-
enced image of AMA, and land ownership records. Princi-
pal predictor variables for future projections included only 
those with available and reliable datasets, specifically Digital 
Elevation Model (DEM), road network data, and population 
data. These variables were selected due to their established 
influence on urban expansion and land use dynamics. Other 
factors such as climatic variables, household character-
istics, and biodiversity, were considered conceptually as 
potential drivers of land use change but were not explic-
itly incorporated into the model due to data limitations and 
inconsistencies in spatial and temporal coverage. Details 
of the datasets used, including their sources, spatial reso-
lution, and temporal availability, are provided in Appendix 
Table 6. Demographic projections and economic forecasts 
are integrated into the modelling process to enhance accu-
racy and relevance. To account for projection uncertainty, a 
sensitivity analysis was conducted within the MOLUSCE 
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surface temperatures. The consistent application of the same 
methodology across all years ensures that observed temper-
ature differences reflect land cover change dynamics rather 
than processing artifacts.

2.7  Analysis of LST, NDVI, and NDBI relationship

The correlation between LST, NDVI, and NDBI from 
2000 to 2020 was examined in ArcMap 10.8.2 and Micro-
soft Excel. The Fishnet tool created 40 rows and 40 col-
umns with the study area shapefile as the template extent. 
This configuration produced grid cells of approximately 
1 km × 1 km across the Accra Metropolitan Area. The 
Fishnet grid was used to aggregate pixel-level values of 
NDVI, NDBI, and LST into larger spatial units to reduce 
pixel-scale variability and spatial autocorrelation, thereby 
facilitating statistical analysis such as correlation analysis, 
Geo-detector modelling, and K-means clustering. Edge 
cells that extended beyond the study area boundary were 
clipped using the study area shapefile to ensure that only 
pixels within the Accra Metropolitan Area were included in 
the analysis. The extract multi-values to point tool was used 
to generate values from the input raster datasets, namely the 
NDVI, NDBI, and LST for the various years. Moreover, 
the clip tool was utilized to extract the extent of the LST, 
NDVI, and NDBI values within the study area. These values 
were exported to Excel to create a scatter plot to show the 
relationship between LST and NDVI, LST and NDBI, and 
NDBI and NDVI. In addition to the visual scatter plots, the 
Pearson correlation coefficient (r) was calculated to quantify 
the strength and direction of the relationships between these 
variables. To ensure consistency across indices, NDVI, 
NDBI, and LST were initially computed at the native 30 
m × 30 m resolution of Landsat imagery, which served as 
the minimum analysis unit for spectral calculations. For 
neighborhood-level statistical summaries, including cor-
relation and clustering analyses, values were subsequently 
aggregated into 1 km × 1 km grid cells to reduce pixel-level 
spatial autocorrelation and variability. While NDVI, NDBI, 
and LST were initially derived from the original 30 m Land-
sat imagery, the aggregated 1 km grid values were used for 
the statistical analyses to capture broader spatial patterns 
and improve the robustness of the statistical relationships. 
This dual-scale approach enabled the capture of both fine-
scale spectral relationships and broader spatial heterogene-
ity within the Accra Metropolitan Area.

While NDVI is widely used to assess vegetation health, it 
is known to suffer from saturation in high-biomass areas. In 
the Accra Metropolitan Area, which is dominated by frag-
mented vegetation rather than dense closed-canopy forest, 
the likelihood of significant NDVI saturation was relatively 
low. To further minimize this limitation, we interpreted 

al. (2022) and Coll et al. (2010) as retrieved from the United 
States Geological Survey (USGS) Landsat handbook. This 
calculation is expressed in Eq. 1 below:

Lλ = (LMAXλ − LMINλ )
QCALMAX − QCALMIN

∗ (DN − QCALMIN) + LMINλ � (1) 

where the LMIN and LMAX are the spectral radiances for 
each band at DN values ranging from 1 to 255 for Landsat 5 
TM and Landsat 7 ETM+, and from 1 to 65,535 for Landsat 
8 OLI/TIRS. DN is the pixel DN value, and λ is the wave-
length. This was performed using ArcGIS 10.8.2

2.6.2  Radiance to temperature

After that, the Temperature (T) in Kelvin (K) was acquired 
using the below formula in ArcGIS 10.8.2 λ.

BT = K2

In[
( K1

Lλ

)
+ 1] � (2)

 

where BT is the brightness temperature, K2 and K1 are ther-
mal band calibration constants, and Lλ is the calibrated radi-
ance band (Eq. 1). For Landsat 7 (ETM+), K1 is 666.09, and 
K2 is 1282.71, whereas for Landsat 5 (TM), K1 is 607.76 
and K2 is 1260.56 (Ghulam and Hall 2010). This is like 
Landsat 8 OLI/TIRS: where BT is the brightness tempera-
ture, K2 (1321.08) and K1 (774.89) are the thermal con-
stants, band 10, and Lλ is the calibrated radiance band that 
is Eq. 1 (Avdan and Jovanovska 2016).

2.6.3  Temperature to degree celsius

Since the temperature is required to be in Degrees Celsius 
(°C), the results for the various temperatures must be con-
verted from Kelvin (K) to Degrees Celsius (C). The formula 
is shown below

Degree Celsius (◦ C) = Kelvin (K) − 273.15� (3) 

Radiometric calibration was performed using sensor-spe-
cific gain and bias parameters obtained from USGS meta-
data to convert digital numbers (DN) to spectral radiance 
prior to temperature retrieval. This process corrects sensor-
related radiometric distortions and ensures inter-temporal 
consistency among Landsat sensors. While a full atmo-
spheric radiative transfer correction was not implemented, 
images were selected from cloud-free dry-season conditions 
to minimize atmospheric variability. Surface emissivity was 
not spatially adjusted using a variable emissivity model; 
therefore, derived LST values are interpreted as relative 
surface temperature patterns suitable for comparative spa-
tiotemporal analysis rather than absolute thermodynamic 
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A higher q-value indicates stronger explanatory power and 
greater spatial stratified heterogeneity, meaning that the spa-
tial distribution of the explanatory variable aligns closely 
with the spatial pattern of LST. Conversely, q-values closer 
to 0 suggest weak explanatory influence. Thus, the q-statis-
tic quantifies how much of the observed spatial variation in 
LST can be attributed to differences in land use/land cover 
characteristics.

Additionally, K-means clustering was utilized to detect 
and classify spatial patterns within the LULC change data-
set, offering deeper insights into the spatial and temporal 
clustering of land cover types. The clustering analysis was 
performed using grid-level variables derived from the Ran-
dom Forest–classified LULC maps and associated spec-
tral indices. Specifically, NDVI, NDBI, and LST values 
aggregated at the 1 km × 1 km grid resolution were used 
as the input variables for the clustering algorithm. These 
variables capture vegetation condition, built-up intensity, 
and surface thermal characteristics, allowing the clustering 
procedure to identify spatially coherent thermal–ecological 
zones within the Accra Metropolitan Area. This cluster-
ing approach provided a high-resolution categorization of 
LULC change zones, allowing us to group areas with simi-
lar land cover characteristics and assess how these clusters 
correlated with variations in surface temperature. Through 
the integration of Geo-detector and K-means clustering, we 
developed a comprehensive methodological framework that 
not only measures but also visualizes the spatial relation-
ships and clustering tendencies across different land cover 
types. K-means clustering was applied to standardized grid-
level variables, including LST, NDVI, and NDBI values 
aggregated at 1 km × 1 km resolution. Before clustering, 
all variables were normalized to ensure equal weighting 
in Euclidean distance computation. The optimal number 
of clusters (k = 4) was determined using the elbow method 
based on within-cluster sum of squares, where diminish-
ing reductions in variance indicated an appropriate cluster 
solution. Cluster robustness was further assessed using sil-
houette coefficients, with values ranging from 0.5 to 0.7, 
indicating moderate to good separation between clusters, a 
reasonable outcome given the heterogeneous nature of urban 
land cover patterns. K-means clustering was implemented 
as a separate analysis for each year (2000, 2010, and 2020) 
using standardized grid-level variables (NDVI, NDBI, and 
LST). The resulting clusters represent composite thermal–
ecological zones rather than individual land cover classes, 
capturing variations in vegetation, built-up intensity, and 
surface temperature across the study area. To ensure mean-
ingful thermal differentiation, mean LST values were com-
pared across clusters, confirming that clusters characterized 
by higher vegetation indices corresponded to lower mean 
surface temperatures relative to built-up dominant clusters.

NDVI trends alongside NDBI and LST patterns, ensuring 
consistency across indicators. We also note that future work 
could incorporate alternative indices such as the Enhanced 
Vegetation Index (EVI), which is less sensitive to satura-
tion. Pearson’s correlation coefficient (r) was used to quan-
tify the linear relationship between LST, NDVI, and NDBI. 
To reduce spatial autocorrelation and pixel-level pseudo-
replication effects inherent in 30 m Landsat data, correla-
tion analyses were conducted using aggregated 1 km × 1 
km grid cells rather than individual pixels. This aggrega-
tion reduces local spatial dependency and provides more 
robust estimates of large-scale spatial associations. Nev-
ertheless, we acknowledge that some degree of spatial 
autocorrelation may persist in gridded environmental data; 
therefore, reported correlation values should be interpreted 
as measures of spatial association rather than strict statisti-
cal independence.

2.8  Geo-detector and clustering analysis

A geo-detector was employed to quantify the spatial varia-
tion between LST and changes in LULC variables, pro-
viding a robust framework for evaluating the influence of 
different land cover types on LST distribution. By leverag-
ing Geo-detector’s capability to analyze spatial heterogene-
ity, we were able to isolate and measure the contribution of 
specific LULC change types, such as built-up areas, veg-
etation, bare land, and water bodies to variations in LST. 
This approach allowed for a nuanced understanding of the 
extent to which each land cover category influences thermal 
dynamics within the Accra Metropolitan Area.

q =
∑ L

a=1Ua σ 2

a

U σ 2 � (4)
 

where L is the number of strata of X and U is the number 
of units that compose the study area, for the stratum α , it is 

composed of U α units; and σ 2

α
 and σ 2 are the variances 

of X in the stratum α in the study area. In this study, the 
dependent variable (Y) represents the spatial distribution 
of land surface temperature (LST), while the explanatory 
variable (X) represents land cover characteristics, includ-
ing built-up areas, vegetation, bare land, and water bodies 
derived from the LULC dataset.

The q statistic measures the explanatory degree of X to 
Y. If q = 0 suggests the distribution of Y has no connection 
with X, and a value of q = 1 means the distribution of Y is 
completely determined by X. The q-statistic ranges from 
0 to 1 and represents the proportion of spatial variance in 
the dependent variable (LST) that can be explained by a 
given explanatory factor (e.g., built-up area or vegetation). 
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By 2010, vegetation had declined to 30.7%, while built-
up areas increased to 66.8%. This expansion accelerated 
between 2010 and 2020, when vegetation decreased further 
to 22.7%, and built-up surfaces reached 75.6%, represent-
ing a decadal increase of 12.29 km² in impervious cover. 
The increase in built-up area was 6.0 km² between 2000 and 
2010, and 12.29 km² between 2010 and 2020, indicating an 
acceleration of urban expansion during the second decade. 
Bare land and waterbodies exhibited relatively minor 
changes throughout the study period. Model projections 
suggest a continued decline in vegetation and an increase in 
built-up areas by 2030 and 2050 under a business-as-usual 
scenario, though these projected values should be inter-
preted within the model’s uncertainty range.

The LULC projection indicated that built-up areas 
are likely to increase to approximately 84% by 2030 and 
94% by 2050 under a business-as-usual scenario (Table 2). 
However, it is important to note that this value represents 
a theoretical maximum expansion trend generated by the 
MOLUSCE model, rather than an absolute prediction. In 
practice, several geographical and regulatory constraints, 
including water bodies, wetlands, coastal buffer zones, 
and protected areas, cannot be converted into urban land, 
which will limit the total proportion of land that can real-
istically be developed. Furthermore, to account for model 
uncertainty, we conducted a sensitivity analysis by varying 
predictor weights and neighborhood configurations within 
MOLUSCE. Predictor weights were systematically adjusted 
within a ± 10–15% range relative to their baseline values 
to evaluate the influence of individual driving factors on 

3  Results

3.1  LULC classification results

The AMA landscape underwent a marked spatial change 
from 2000 to 2020, particularly regarding classes such as 
built-up and vegetation (Fig. 4; Table 2). Figures 4 and 5 
present the spatial distribution of the LULC classes in the 
study area across the studied years.

Table 2 summarizes the historical (2000–2020) and pro-
jected (2030–2050) LULC statistics for the Accra Metro-
politan Area. The overall classification accuracy for the 
2000, 2010, and 2020 LULC maps was 80%, 85%, and 88% 
(Table 3). The reported “Support (pixels)” values in Table 
3 correspond to the total number of classified pixels per 
class derived from the raster map rather than the number of 
validation points. In 2000, vegetation accounted for 35.7% 
of the study area, compared to 62.5% for built-up surfaces. 

Table 2  Historical (2000–2020) and projected (2030–2050) LULC sta-
tistics of the Accra Metropolitan Area (km² and %)
LULC 
Classes

2000 2010 2020 2030 2050

Built-up 87.3 
(62.50%)

93.3 
(66.81%)

105.59 
(75.40%)

117.88 
(82.60%)

131.22 
(89.70%)

Bare land 1.82 
(1.30%)

2.23 
(1.60%)

1.68 
(1.20%)

0.98 
(0.70%)

0.46 
(0.31%)

Vegetation 49.86 
(35.70%)

42.88 
(30.79%)

31.71 
(22.60%)

23.33 
(16.30%)

14.25 
(9.79%)

Waterbodies 0.69 
(0.50%)

1.12 
(0.80%)

1.12 
(0.80%)

0.59 
(0.40%)

0.31 
(0.20%)

Fig. 4  Classified LULCC maps 
of the Accra Metropolitan Area 
in 2000, 2010, and 2020, derived 
from Landsat imagery using the 
random forest classifier
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future scenarios. These clarifications reinforce that while 
rapid urbanization is expected to continue, the exact magni-
tude of built-up expansion will depend on policy interven-
tions, land management practices, and the enforcement of 
environmental regulations.

3.1.1  Validation

The validation results summarized in Table 3 represent 
the comparison between the MOLUSCE-simulated 2020 
LULC map and the independently classified 2020 map 
derived from the Random Forest model. This comparison 
evaluates the performance of the MOLUSCE model in 
reproducing observed land cover patterns. The validation 
results demonstrate a high degree of model accuracy, with 
an Overall Accuracy of 85%, indicating a high proportion of 
correctly classified pixels across the entire map, supported 
by a Kappa Coefficient of 0.82, which signifies an “almost 
perfect” agreement between the simulated and actual maps 
beyond chance. A nuanced view of model performance is 
provided through class-specific metrics, where the high 
F1-scores for Water (0.90) and Built-up (0.87) classes indi-
cate exceptional reliability in predicting these stable and 
rapidly expanding features, respectively, while the slightly 
lower but still strong scores for Vegetation and Bare land 
are expected due to their dynamic and transitional nature, a 
common challenge in LULC modeling. These robust vali-
dation results, obtained from the comparison between the 
simulated 2020 LULC map and the independently classi-
fied 2020 map, confirm that the MOLUSCE model is well 

model outputs. Neighborhood configurations were varied 
by modifying the neighborhood size parameters used in the 
cellular automata transition rules, testing multiple configu-
rations to examine how spatial interaction effects influence 
land cover transitions. In total, multiple simulation runs 
were performed under these alternative parameter settings, 
and the variability across the resulting simulations was used 
to estimate the uncertainty range of the projected land cover 
outcomes. These alternative runs produced differences of 
approximately ± 5–7% in the projected extent of built-up 
area by 2050. Accordingly, the built-up projection should 
be interpreted within a confidence range of approximately 
87–97%, with 94% representing the central estimate and the 
upper bound constrained by total land availability within 
the AMA. This range highlights both the robustness and the 
uncertainty of the model outputs and ensures that the find-
ings are not misinterpreted as exact values but as plausible 

Table 3  Accuracy assessment of the simulated 2020 LULC map gener-
ated by the MOLUSCE model using the independently classified 2020 
LULC map as the reference dataset
LULC classes Precision Producer's 

Accuracy
F1-Score Support 

(pixels)
Built-up 0.92 0.89 0.91 15,420
Bare land 0.83  0.86 0.84 92,550
Vegetation 0.87  0.88 0.88 205,830
Water 0.81 0.77 0.79 45,200
Overall Accuracy 85.0%
Kappa Coefficient 0.82
Macro Avg. 
F1-Score

0.85

Fig. 5  Predicted LULCC maps 
for the Accra Metropolitan 
Area in 2030 and 2050, based 
on MOLUSCE modelling. The 
projections indicate continuous 
expansion of built-up areas and 
a marked decline in vegetation 
cover
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Overall, the transition patterns highlight a clear trajectory 
of urban expansion accompanied by substantial vegetation 
loss, reinforcing the dominant role of built-up growth in 
shaping land cover dynamics within the Accra Metropolitan 
Area during the 2000–2020 period (Table 5).

3.3  Spatiotemporal variation of NDVI and NDBI in 
AMA

The NDVI results showed not only a decline in overall veg-
etation health but also a clear spatial concentration of low 
NDVI values in the central and southern portions of AMA, 
where dense built-up areas dominate (Fig. 6). By contrast, 
relatively higher NDVI values persisted in the northern 
peri-urban fringes, particularly around Ga West boundary 
zones, where agricultural and open green spaces remain. 
Between 2000 and 2020, areas with NDVI values below 0.1 
expanded southwards and eastwards, reflecting progressive 
loss of vegetated patches in the urban core.

Similarly, the NDBI results revealed a strong spatial dif-
ferentiation (Fig. 7). High NDBI values (> 0.4), indicative 
of intense built-up concentration, were clustered in central 
Accra, Osu Klottey, and the coastal sub-metros, while nega-
tive or near-zero values were associated with the northern 
peri-urban zones where vegetative cover was relatively 
intact. This spatial pattern highlights the north–south gradi-
ent of urban sprawl and the corresponding loss of vegetative 
buffers.

The LST distribution also exhibited distinct spatial dif-
ferentiation. The highest temperatures (> 32 °C) were 
consistently recorded in the southern and central AMA, 
particularly in heavily urbanized districts such as Ashiedu 
Keteke and Ablekuma South (Abass et al. 2018; Yiran et 
al. 2020). These high-LST zones correspond closely with 
high-NDBI clusters, confirming the thermal impact of dense 
built-up areas. In contrast, cooler zones with LST values 
below 25 °C were observed in the northern fringe communi-
ties and along vegetated corridors, particularly near remain-
ing grassland and agricultural plots.

From 2000 to 2020, the spatial expansion of high-LST 
clusters radiated outward from the urban core, reducing 
the extent of cooler vegetated zones. This indicates a pro-
gressive intensification of the urban heat island effect, with 
the loss of green spaces directly contributing to localized 
warming.

calibrated and effectively captures complex spatial transition 
dynamics, particularly the critical conversion of vegetation 
and bare land to built-up areas within the Accra Metropoli-
tan Area, thereby providing confidence in the reliability of 
the future projections for 2030 and 2050.

3.2  LULC change detection analysis results

The results presented in Table 4 reveal significant land use 
and land cover transitions in the Accra Metropolitan Area 
between 2000 and 2020, with vegetation experiencing the 
most pronounced decline. Vegetation decreased by 36.45% 
over the study period, reflecting substantial pressure from 
urban development and land conversion. Although a large 
proportion of vegetation in 2020 remained unchanged from 
2000 (89.30%), a portion was converted into other land 
cover types, particularly built-up areas (5.41%) and bare land 
(40.22%), indicating vegetation clearing associated with 
urban expansion and land preparation activities. In contrast, 
built-up areas increased markedly by 21.02%, representing 
the largest net gain among all land cover classes. Most built-
up areas in 2020 persisted from previously developed areas 
(78.94%), while additional expansion occurred through the 
conversion of bare land (15.37%) and vegetation (5.41%), 
highlighting the progressive transformation of undeveloped 
land into urban infrastructure.

Other land cover classes showed relatively smaller but 
notable changes during the study period. Bare land declined 
slightly by 2.56%, although the transition matrix indicates 
that bare land in 2020 originated from multiple sources, 
including vegetation (40.22%), built-up areas (21.36%), 
and areas that remained bare land (38.42%), suggesting 
transitional surfaces associated with vegetation clearing, 
construction activities, and redevelopment processes. Water 
bodies also experienced a net decrease of 13.03%, although 
the majority of water areas remained stable (71.25% persis-
tence). Smaller proportions of water bodies in 2020 origi-
nated from built-up areas (14.92%), vegetation (9.97%), 
and bare land (3.86%), likely reflecting localized hydrologi-
cal changes or classification mixing along water boundaries. 

Table 4  Land use/land cover transition matrix (%) showing the propor-
tion of land area converted between classes in the Accra Metropolitan 
Area between 2000 and 2020. Values represent the percentage of the 
2020 land cover class that originated from each 2000 land cover class
Initial State (2000) Water bod-

ies (2020)
Bare land 
(2020)

Built-up 
(2020)

Vege-
tation 
(2020)

Water bodies 71.25 0.00 0.28 0.61
Bare land 3.86 38.42 15.37 3.24
Built-up 14.92 21.36 78.94 6.85
Vegetation 9.97 40.22 5.41 89.30
Column Total (%) 100 100 100 100

Table 5  Net change of the classes
Class Net Change (%)
Water bodies -13.03
Bare land -2.56
Built-up + 21.02
Vegetation -36.45
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that the value for low LST was 20.3 °C and high was 32.5 
°C.

3.5  Correlation between LST, NDVI, and NDBI in the 
study area

The results in Fig. 9 showed that NDVI and LST exhib-
ited a strong negative relationship, indicating that areas 

3.4  Spatiotemporal variation of LSTs in AM

The LST performed for 2000, 2010, and 2020 for AMA (Fig. 
8) showed that the temperature in AMA has been increasing 
steadily. The 2000 LST values for low were 21.4 °C, and 
high were 32.1 °C. The values for 2010 low and high were 
17 °C and 32.9 °C, respectively. The LST 2020 also found 

Fig. 7  Spatial distribution of 
NDBI in the Accra Metropolitan 
Area for 2000, 2010, and 2020

 

Fig. 6  Spatial distribution of 
NDVI in the Accra Metropolitan 
Area for 2000, 2010, and 2020
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derived from the Geo-detector analysis. Each circle corre-
sponds to a 1 km × 1 km analysis unit where the q-statistic 
was computed. The size and color of the circles indicate 
the magnitude of the q-statistic, reflecting the strength of 
the spatial association between LST and each land-cover 
feature. These locations were selected to illustrate spatial 
variability in explanatory power across the study area rather 
than to represent individual observation points.

The K-means clustering analysis, applied to standard-
ized grid-level variables including LST, NDVI, and NDBI, 
revealed distinct spatial clusters representing different com-
binations of thermal conditions and land-cover characteris-
tics across the Accra Metropolitan Area (Fig. 11). Over the 
study period (2000–2020), built-up areas (∆Bt) emerged as 
the primary drivers of elevated LST (Fig. 11a). The clus-
tering results showed a steady outward expansion of high-
temperature clusters, particularly in the central and southern 
zones of Accra. This trend underscores the intensifying 
UHI effect driven by urban sprawl, in which impervious 
surfaces like roads and buildings absorb and retain heat. 
The progression of dark red (cluster 4) and orange (cluster 
3) from the city center highlights the growing influence of 
built-up land on LST (Fig. 11b). Cluster 4 represents areas 
characterized by the highest LST values, high NDBI, and 
low NDVI, indicating dense built-up surfaces with limited 
vegetation cover. Cluster 3 represents moderately urban-
ized areas with elevated LST and intermediate NDBI val-
ues, reflecting mixed land-use zones where built-up areas 
coexist with fragmented vegetation. In contrast, clusters 
1 and 2 are associated with lower LST values and higher 

with higher land surface temperatures tend to have lower 
vegetation density (r = − 0.9). In contrast, LST and NDBI 
displayed a strong positive association (r = 0.8), suggest-
ing that areas characterized by higher built-up intensity are 
generally associated with higher surface temperatures. Fur-
thermore, NDVI and NDBI exhibited a negative relation-
ship (r = − 0.7), indicating that areas with increased built-up 
surfaces tend to correspond with reduced vegetation cover.

3.6  Geo-detector and clustering analysis

The spatial analysis results of LST in the AMA, as presented 
in the q-statistics maps (Fig. 10), revealed distinct patterns 
of land cover influence, shedding light on the dynamics of 
urban thermal variation. Over the study period from 2000 to 
2020, built-up areas (∆Bt) exhibited a consistently increas-
ing impact on LST (Fig. 10a), particularly around the urban 
core and extending outward as urbanization progressed. The 
q-statistic values for built-up areas demonstrated the inten-
sifying UHI effect. Vegetation (∆Vg) presented a contrast-
ing effect, where its influence on moderating LST is visible 
but appears to decline over the years (Fig. 10b). Bare land 
(∆BL) consistently exhibited moderate to high q-statistics 
values across the years, reflecting its steady contribution 
to increased LST (Fig. 10c). Water bodies (∆Wt), includ-
ing coastal and riverine areas, display the lowest q-statistics 
values, signifying a minimal influence on LST compared to 
other land cover types (Fig. 10d). The circles shown in Fig. 
10 represent representative grid cells used to visualize the 
spatial explanatory power of land-cover variables on LST 

Fig. 8  Spatial distribution of LST 
in the Accra Metropolitan Area 
for 2000, 2010, and 2020
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towards higher LST clusters can be observed in regions 
where bare land has encroached upon former vegetation 
zones. Water bodies (∆Wt) exhibited the least influence 
on LST, with clusters (cluster 3 and 4) primarily in cooler 
shades of blue and green (Fig. 11d). These clusters are con-
centrated in coastal and riverine areas, reflecting the water’s 
localized cooling effect.

4  Discussion

This study advances understanding of urban ecological 
change in the Accra Metropolitan Area (AMA) by moving 
beyond descriptive assessments of land cover dynamics to 
an integrated, mechanism-oriented analysis of vegetation 
loss and surface warming. Unlike many previous studies 
that rely solely on historical remote sensing observations or 
simple correlation analyses, this research combines machine 
learning classification, predictive land-use modelling, and 
spatial heterogeneity analysis within a single analytical 
framework. By linking historical land cover transitions to 
future scenarios and explicitly quantifying their influence 
on land surface temperature (LST), the study provides a 
more comprehensive and policy-relevant interpretation of 
urban expansion processes. A key innovation of this work 
lies in its methodological integration. The combined use of 

NDVI, representing areas with greater vegetation cover and 
reduced built-up intensity. These spatial patterns highlight 
the increasing influence of urban expansion on surface ther-
mal dynamics, with implications for urban resilience and 
public health as temperatures rise. Vegetation (∆Vg) clus-
ters presented a contrasting pattern, showcasing the natural 
cooling potential of green spaces. However, the analysis 
revealed a decline in vegetation’s spatial extent over time, 
particularly in zones experiencing urban expansion. Areas 
once dominated by cooler vegetation clusters are increas-
ingly replaced by higher LST clusters, suggesting a loss of 
vegetative cover due to development. Despite the shrinking 
footprint, remaining vegetated zones (clusters 1 and 2) still 
exhibited a strong cooling effect, as indicated by blue and 
green clusters in the clustering map.

The bare land (∆BL) clusters exhibited a moderate 
explanatory influence on LST, as indicated by intermedi-
ate q-statistic values derived from the Geo-detector analy-
sis (Fig. 11c). In the clustering results, areas characterized 
by higher proportions of bare land correspond to clusters 
with moderately elevated LST values relative to vegetated 
clusters, reflecting the thermal properties of exposed soil 
and sparsely vegetated surfaces. These clusters, primar-
ily in shades of brown and yellow (clusters 3 and 4), indi-
cated that bare land consistently influences LST, albeit to a 
lesser degree than built-up areas. Nonetheless, minor shifts 

Fig. 9  Graphs showing the correlation between NDVI, NDBI, and LST for the Accra Metropolitan Area across the study years (2000, 2010, 2020)
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and spatial expansion within AMA. This restructuring of 
land cover reduces evapotranspirative cooling capacity and 
enhances heat retention, reinforcing the observed spatial pat-
terns of elevated LST in highly urbanized zones. This trajec-
tory reflects the combined pressures of population growth, 
infrastructure development, and rising demand for housing 
and social amenities, a pattern of rapid urbanization and its 
impact on green spaces that is consistently observed across 
the African continent and in emerging economies (Kowe 
and Shoko 2025). As Accra’s role as Ghana’s political and 
economic hub has intensified, green spaces have been pro-
gressively cleared to make way for residential neighbor-
hoods, transport networks, and commercial complexes. 
The trend aligns with earlier findings in Ghana (Ackom 
et al. 2020; Biney and Boakye 2021) and parallels experi-
ences in cities such as Yerevan, Armenia (Tepanosyan et al. 
2021). However, the present study adds a new dimension by 

random forest classification for historical LULC mapping, 
the MOLUSCE framework for long-term projections, and 
Geo-detector and K-means clustering for spatial analy-
sis allows the identification of not only where land cover 
changes occur, but also how and why they influence thermal 
dynamics. This integrative approach moves beyond conven-
tional correlation-based studies by explicitly revealing the 
mechanisms through which built-up expansion alters veg-
etation health and surface energy balance. Importantly, the 
framework is transferable and can be applied to other rap-
idly urbanizing cities across sub-Saharan Africa and com-
parable regions.

4.1  Main drivers of urban vegetation loss

The sustained conversion of vegetated surfaces into imper-
vious built-up areas reflects intensified urban densification 

Fig. 10  q-stat results of LST spatial variations to changes in Built-Up (∆Bt), Vegetation (∆Vg), Bare land (∆BL) and Water (∆Wt) across the two 
decades
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evapotranspiration. When vegetation is replaced by imper-
vious materials such as concrete and asphalt, latent heat 
flux is reduced while sensible heat storage increases, a shift 
extensively documented in studies of urban energy balances 
(Sun et al. 2023; Wu et al. 2021; Yeboah et al. 2026). This 
energy balance shift explains the observed rise in LST in 
areas experiencing vegetation loss, a trend further exacer-
bated by broader regional climate warming as observed in 
Ghana (Oduro et al. 2022, 2025; Kowe et al. 2024). More-
over, higher temperatures feed back into vegetation health, 
causing stress, reducing photosynthetic efficiency, and fur-
ther weakening vegetation’s cooling capacity. This creates 
a reinforcing cycle: the more vegetation is lost, the more 
intense the heat becomes, which in turn accelerates vegeta-
tion decline (Oduro et al. 2025; Mohammad and Goswami 
2021). Such feedback loops are rarely documented in AMA 
studies, and this research demonstrates them explicitly 

explicitly quantifying how the conversion of vegetation to 
built-up surfaces explains spatial variation in LST. The Geo-
detector results show that built-up areas exhibit the highest 
explanatory power (q = 0.75 ~ 0.85), followed by vegeta-
tion cover (q = 0.65 ~ 0.85), while elevation and proximity 
to water bodies contribute comparatively lower explana-
tory influence. These results indicate that urban expansion 
accounts for the largest share of spatial LST heterogeneity 
within the Accra Metropolitan Area (Fig. 11). Similar spa-
tial analytical approaches have quantified comparable urban 
thermal dynamics in rapidly expanding Chinese megaci-
ties (Estoque et al. 2017; Wang et al. 2022), reinforcing the 
broader applicability of this framework.

 Mechanistically, the drivers of vegetation loss can 
be explained through land–atmosphere energy interac-
tions. Vegetation moderates local climate by shading sur-
faces, intercepting solar radiation, and dissipating heat via 

Fig. 11  K-means clustering results of LST spatial variations to changes in Built-Up (∆Bt), Vegetation (∆Vg), Bare land (∆Bl) and Water (∆Wt) 
across the two decades
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as vegetation cover declines, the surface temperature rises 
due to reduced evapotranspiration and shading, a quantita-
tive relationship consistently demonstrated in other urban 
studies (Yeboah et al. 2025; Wu et al. 2021). Although 
cropland may exhibit seasonal differences in land sur-
face temperature relative to continuously vegetated areas, 
agricultural land within the AMA is spatially limited and 
therefore unlikely to significantly alter the overall vegeta-
tion–LST relationship observed in this study. Conversely, 
the strong positive correlation between NDBI and LST 
shows that built-up areas amplify heating because impervi-
ous surfaces store solar energy during the day and release 
it slowly at night, sustaining higher temperatures, a phe-
nomenon acutely observed in cities with dense construc-
tion (Sun et al. 2023; Kowe et al. 2022). Although built-up 
areas expanded over the study period, NDBI values do not 
increase strictly linearly across all years. In some locations, 
relatively higher NDBI values observed in 2010 may reflect 
transitional urban surfaces such as construction zones, 
exposed soils, and newly cleared land, which can produce 
strong NDBI signals. By 2020, some of these areas had tran-
sitioned into more stable built-up surfaces or mixed land 
cover conditions, resulting in slightly lower NDBI values 
despite continued urban expansion. This pattern highlights 
the dynamic nature of urban development, where spectral 
indices capture both permanent impervious surfaces and 
temporary land-cover transitions during different stages of 
urban growth. Although urban expansion generally contrib-
utes to increasing land surface temperatures, the temporal 
pattern of LST does not follow a strictly linear trend across 
the three observation years. In some areas, relatively higher 
LST values observed in 2010 compared to 2020 may reflect 
short-term variations in surface moisture conditions, sea-
sonal climatic differences during satellite acquisition, or 
the presence of transitional urban surfaces such as exposed 
soil and construction sites that tend to heat rapidly. Such 
variability highlights the complex interactions between 
land cover dynamics and urban thermal processes. While 
previous studies have described correlations between land 
cover and LST, the present research advances the analy-
sis by quantifying spatial stratified heterogeneity using the 
Geo-detector approach. Built-up areas exhibit the highest 
explanatory power (q = 0.75 ~ 0.85), followed by vegetation 
and other environmental variables, indicating their domi-
nant contribution to LST spatial variation in the AMA.

The K-means clustering results provide additional 
mechanistic interpretation by identifying thermal hotspots 
concentrated in central and southern Accra. Clusters char-
acterized by higher NDVI values and lower LST represent 
vegetated and relatively cooler zones, while clusters with 
higher NDBI and elevated LST correspond to built-up and 
thermally intensive areas. The vegetated and cooler zones 

by integrating NDVI, NDBI, and LST into one analytical 
framework.

4.2  LULC prediction and its impact on the 
environment

 Projections show that by 2050, built-up areas in AMA may 
account for as much as 94% of land cover, with vegetation 
shrinking to just 10%. This is an accelerating trend because 
it implies a near-complete dominance of impervious sur-
faces in the city’s land cover, a level of urban saturation 
with severe ecological consequences projected for other 
rapidly growing cities (Anupriya et al. 2025; Yeboah et al. 
2025). Unlike earlier studies that forecast changes only up 
to 2030, the present work extends projections two additional 
decades, making it, to our knowledge, one of the few studies 
projecting LULC dynamics for the entire Accra Metropoli-
tan Area to 2050, extending beyond prior projections that 
primarily focused on 2030 or sub-basin scales. The novelty 
lies not only in the timeframe but also in the incorporation 
of multiple predictor variables, including digital elevation, 
transportation networks, and socio-economic factors, into 
the MOLUSCE model, thereby strengthening the reliability 
of the forecasts.

The environmental implications are severe. As vegetative 
cover approaches significant ecological stress, Accra will 
lose much of its natural cooling capacity, leading to stron-
ger and more persistent UHI effects, with projected impacts 
on local climate extremes (Birungi et al. 2025; Oduro et 
al. 2025). The lack of vegetation will also reduce carbon 
sequestration, weaken soil stability, and increase vulner-
ability to flooding, particularly in low-lying zones already 
prone to waterlogging, a critical concern also identified in 
the Lake Victoria Basin (Birungi et al. 2025). In mechanistic 
terms, the disappearance of vegetation translates into a sys-
temic alteration of the surface energy balance, where virtu-
ally all incoming solar radiation is partitioned into sensible 
heat, raising surface and air temperatures across the city 
(Yeboah et al. 2026). Once the built-up footprint reaches this 
projected magnitude, opportunities for large-scale ecologi-
cal restoration will be extremely limited, making proactive 
interventions such as the strategic integration of accessible 
green parks (Li et al. 2022) and optimized building mor-
phology (Sun et al. 2023) urgently necessary.

4.3  LULC changes and its impacts on NDVI, NDBI, 
and LST

The relationships among NDVI, NDBI, and LST in AMA 
provide important mechanistic evidence of how urbaniza-
tion reshapes thermal and ecological systems. The strong 
negative correlation between NDVI and LST indicates that 
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responsibility. At the regional level, collaborations under 
frameworks such as the African Union’s Agenda 2063 
and ECOWAS Environmental Policy could provide the 
technical expertise and financing needed to scale up these 
interventions.

These findings have direct implications for the Sustain-
able Development Goals (SDGs), particularly SDG 11 
(Sustainable Cities and Communities), SDG 13 (Climate 
Action), and SDG 15 (Life on Land). The observed expan-
sion of built-up areas and the associated decline in vegetation 
highlight the need for urban planning strategies that inte-
grate green infrastructure and ecosystem-based adaptation 
to mitigate surface warming. Protecting and restoring urban 
vegetation can enhance ecological resilience, moderate land 
surface temperatures, and reduce urban heat accumulation, 
thereby supporting more sustainable urban development in 
rapidly expanding cities such as Accra. In this context, the 
spatial evidence generated by this study provides a scientific 
basis for aligning urban land-use planning with broader sus-
tainability and climate resilience objectives.

4.5  Limitations and future directions

Despite the advances presented in this study, certain limi-
tations must be acknowledged. The reliance on Landsat 
data, while useful for long-term trend analysis, may not 
fully capture micro-scale dynamics in fragmented urban 
environments. Socioeconomic drivers of land-use change, 
such as informal housing growth, land tenure arrangements, 
and income disparities, were not explicitly modelled, even 
though they strongly shape urban expansion. Furthermore, 
the temporal resolution of the data (2000, 2010, 2020) may 
obscure seasonal or intra-annual dynamics of vegetation 
and temperature change.

Future research should build on these limitations by inte-
grating higher-resolution imagery from Sentinel-2 or UAV 
platforms and coupling them with socioeconomic datasets 
to capture both the physical and human dimensions of urban 
change. Machine learning models that incorporate demo-
graphic and climatic predictors can improve the accuracy 
of long-term projections. Comparative studies across Gha-
na’s other major cities, such as Kumasi, Sekondi-Takoradi, 
and Tamale, would also generate a broader national per-
spective on urban ecological transitions. Such multi-scalar 
approaches would provide policymakers with the evidence 
base needed to design urban planning strategies that balance 
growth with ecological resilience.

correspond to Cluster 4 (light blue), which shows a declin-
ing spatial extent over time, reflecting vegetation loss due to 
urban expansion. These clusters align with zones of inten-
sive urban development and highlight how spatial hetero-
geneity in land cover directly shapes urban heat dynamics. 
Vegetated clusters, although shrinking in extent, still serve 
as localized cooling areas, demonstrating the critical eco-
logical services provided by the remaining green spaces 
and emphasizing the necessity of preserving and enhanc-
ing their accessibility (Li et al. 2022). Bare land clusters 
contribute moderately to LST increases because exposed 
soils heat quickly but lack the thermal inertia of built-up 
surfaces. Water bodies, although effective at local cooling, 
are too limited in area to significantly influence the city-
wide thermal regime, a common limitation in many inland 
cities (Yeboah et al. 2025). Taking together, these findings 
demonstrate that the conversion of vegetation to impervi-
ous cover fundamentally alters the surface energy budget 
of AMA, explaining the intensification of heat islands over 
time, a process increasingly understood through advanced 
temperature monitoring (Oduro et al. 2025).

4.4  Policy recommendations

The mechanistic insights gained from this study emphasize 
the urgency of integrating ecological considerations into 
urban planning. With vegetation cover projected to decline 
to 10% by 2050, policy interventions must prioritize urban 
green infrastructure (UGI). Previous studies have demon-
strated that urban vegetation and green infrastructure can 
significantly reduce land surface temperatures through 
shading and evapotranspiration processes, thereby mitigat-
ing urban heat island effects (Gill et al. 2007; Yeboah et al. 
2026; Li et al. 2022; Batame et al. 2023). This includes not 
only traditional green spaces such as parks and community 
forests but also innovative solutions such as green roofs, 
vertical gardens, and permeable pavements that restore 
evapotranspiration capacity within built-up zones. Institu-
tionalizing these measures through municipal bylaws and 
development codes would ensure that ecological sustain-
ability becomes a mandatory component of urban growth.

Additionally, the application of indices such as NDVI 
and NDBI, combined with real-time monitoring of LST, 
should be institutionalized as decision-support tools for 
city authorities. Embedding these tools into spatial plan-
ning systems would allow for continuous tracking of veg-
etation decline and heat stress, enabling adaptive responses 
before ecological thresholds are crossed. The study’s results 
also point to the importance of community-based interven-
tions: public education campaigns, incentives for tree plant-
ing, and participatory neighborhood greening initiatives 
could help restore ecological balance while fostering civic 
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5  Conclusions

The spatiotemporal dynamics of urban expansion and its 
impacts on vegetation health and LST in AMA were ana-
lyzed for the period 2000–2020, with projections extending 
to 2050. Integrating remote sensing, random forest clas-
sification, and MOLUSCE modelling revealed substantial 
land-cover restructuring, marked by a significant decline 
in vegetation cover from 35.7% to 22.7% and the rapid 
expansion of built-up areas from 62.5% to 75.6%. Projec-
tions under a business-as-usual scenario indicate this trend 
will intensify, with vegetation cover potentially falling to 
only 10.2% by 2050. The conversion of vegetated land to 
impervious surfaces was directly linked to increased LST, a 
relationship quantitatively supported by strong correlations 
between NDVI and LST (r = − 0.9) and between NDBI and 
LST (r = 0.8). Advanced spatial analysis further identified 
built-up expansion as the dominant driver of surface warm-
ing, with intensifying urban heat island effects concentrated 
notably in Accra’s central and southern districts. Together, 
these results provide empirical evidence that urban growth 
in the AMA is systematically degrading the local ecological 
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