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ARTICLE INFO ABSTRACT

Keywords: This study investigates the causality between land use and land cover change (LULCC), and variations in tem-
Land Use and Land Cover Change perature and precipitation across Africa. To do this, we employ integrated remote sensing techniques, causal
Temperature

analyses, and representative studies. We further utilize Modules for Land Use Change Evaluation (MOLUSCE) and
Random Forest (RF) to simulate land use scenarios from 2033 to 2053. The findings reveal a complex interplay of
socio-political, economic, and biophysical factors driving LULCC from 1993 to 2023. During this period, northern
and western Africa experienced forest regrowth (+2.61 %), while deserts (-12.29 %), grassland/shrubs
(-14.20 %), and farmlands (-14.53 %) decreased. In contrast, built-up areas expanded by + 134.63 %, and water
bodies increased by + 71.63 %. The predicted trends indicate continued reductions in deserts and bare land, with
annual decreases of 0.59 % and a decline of 0.48 % for grasslands/shrubs over the next 30 years. The current
study achieved a 96 % accuracy rate based on the samples used throughout the study duration. Rising tem-
peratures in northern Africa are associated with increased desertification, while dense forests and water bodies in
central and southern Africa help mitigate heat. K-means clustering identifies distinct regional patterns in the
impacts of LULCC, stressing the need for targeted interventions. The insights generated will be valuable for
regions with limited resources and institutional capacity to address environmental challenges associated with
these undesired changes. Ultimately, these findings can foster stronger collaboration within Africa’s economic
blocs, supporting regional efforts toward sustainable development, effective land management, and climate
adaptation.
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1. Introduction

As Africa continues to experience rapid population growth, it is ex-
pected that by the year 2100, two out of every five individuals on earth
are expected to be African (UN-Habitat, 2022). This will translate into
Africa holding the largest population percentage of 40 % (4.2 billion)
globally. Before 2100, Africa is expected to hold 25 % (2.5 billion) of the
world’s population in 2050. Presently, Africa holds the second highest
population percentage of 18.15 % (1.4 billion) across the globe from 9 %
in 1900 (140 million). The fast-paced growth rate of Africa informed by
a youthful population, high fertility rates and low mortality rates com-
mands attention as its demographic transformation will trans-
form/shape both the urban and peripheral landscapes as the demand for
infrastructure, food, water and energy escalates (Pieterse and Parnell,
2014). This transformation will not only affect the African continent but
will reverberate globally.

Presently, demographic factors such as rapid population growth and
rural-to-urban migration have collectively influenced land use trends,
resulting in urban expansion and the conversion of agricultural land into
built-up areas in many African countries. For instance, cities like Lagos
(Nigeria) and Nairobi (Kenya) are experiencing rapid urbanization due
to population pressures, which have been projected to worsen liveli-
hoods in Africa (Moore et al., 2015). Social factors such as changing
lifestyles and cultural land ownership systems are also contributing to
land use changes, with younger generations moving away from tradi-
tional agricultural practices toward urban employment. Additionally,
economic factors like economic growth, foreign direct investment, and
the shift toward large-scale commercial agriculture have increased the
demand for land, driving deforestation and the expansion of urban
areas. In countries like Ghana and Ethiopia, agricultural land and forests
are being converted into residential and commercial spaces, achieving
some economic benefits and increasing GDP. Political factors play a key
role as well, with government policies in North African countries like
Morocco and Algeria focusing on afforestation strategies to cushion
livelihoods and combat environmental degradation, while countries in
West and East Africa, such as Kenya and Ghana, face policy-driven ur-
banization and infrastructure development that accelerate land use
conversion. These trends reflect complex interactions between de-
mographic, social, economic, and political forces that are shaping land
use patterns across the continent, with both positive and negative im-
pacts on local communities and ecosystems (Sarfo et al., 2024; Oduro
et al., 2025). Nonetheless, these benefits are stifled by environmental
and social implications that are emerging as a result of land use changes
associated with the transformation of land covers. Specifically, these
trends have dire consequences, particularly towards major livelihoods
(rain-fed agriculture) that are reliant on the natural environment. The
effect on livelihood has serious implications towards the realisation of
Sustainable Development Goals (SDGs) such as SDG 1 (no poverty), SDG
2 (zero hunger), SDG 3 (good health and wellbeing), SDG 11 (sustain-
able cities), SDG 13 (climate action), and SDG 17 (partnerships for the
goals).

Alongside the complex interaction between LULCC and its impact on
enhancing greenhouse gas emissions, there are also seasonal winds that
influence climate variations. In East Africa, large scale winds such as the
Intertropical Convergence Zone (ITCZ) bring increased levels of rainfall
to the equatorial region. On the global scale, winds like the La-Nina, El-
Nino and the Indian Ocean Dipole also shape climatic variabilities and
determine whether regions will experience wet or dry (drought) con-
ditions (James and Washington, 2013). Regardless of these exception-
alities, LULCC has proven to have a significant impact on climatic
variables (Zhou et al., 2015; Akpoti et al., 2016; Achugbu et al., 2021).
The change in land cover alters soil moisture, thermal characteristics,
surface textures and the albedo which influences climatic variables.
These gradual changes also affect terrestrial hydrology which alters
rainfall and evapotranspiration. Studies such as Klein et al. (2017)
showed biosphere-precipitation feedback for the savanna region in West

Land Use Policy 157 (2025) 107680

Africa. This has been attributed to the properties of energy (transitional)
and water which makes them responsive to changes in land use. For
example, in West Africa, the interaction between the land surface and its
overlaying atmosphere determines the climate over a period of time
given the high net radiation and moisture generating high evaporation
rates.

To understand the interaction among LULCC, several scholars have
employed land use models that account for how LULCC induces a change
in elements such as surface textures, albedo, Bowen ratio and vegetation
dynamics (Kidane et al., 2012; Chen and Dirmeyer, 2016; Rigden and Li,
2017; Wang et al., 2017; Burakowski et al., 2018). Others such as Hulme
(1994) and Abbasian et al. (2019) also used the General Circulation
Model (GCM) to quantify the effect of land use change on climatic
variables such as precipitation. The same model has also been used by
Taylor et al. (2002) and Yonaba et al. (2023) to model land use on
precipitation outcomes in the Sahelian regions. This approach however
produced limited results as Africa having low historical climate data
affected its estimates, leaving scholars with no choice but to model
prediction from global models which relegated predictions of Africa to a
sub-grid scale status (Moore et al., 2015). In East Africa, Moore et al.,
(2015) argue that the GCMs establish a strong response to elevated
GHGs and their impact on climatic variables such as temperature and
rainfall. Most GCMs are good at predicting wetter conditions. These
models are even considered accurate in scenarios where Coupled Model
Intercomparison Project (CMIP) data is used. Despite the positive feed-
back on rainfed agriculture, the model’s inability to reproduce (model)
drying trends accurately posses threats to adaptive strategies designed to
cushion small-scale farmers. This limitation is due to the model omitting
regional-scale (SST changes) forcing trends such as the Pacific Ocean
and Indian Ocean Sea Surface temperature. Moore et al., (2015) further
acknowledge that rainfall variability is heavily influenced by large-scale
circulations, which supports the use of GCMs. A focus on regional-scale
climate impact is therefore recommended for decision making on the
African continent. The GCMs thus become limited here as they are un-
able to make predictions for local scales with heterogeneous land covers.
Similarly, James and Washington (2013) have argued that GCMs’
inability to capture inconsistent changes in temperature due to varia-
tions in climate sensitivity and the feedback mechanism, limits its use on
the regional scale compared with the global scale.

Using the medium of land surface-atmosphere interactions, Achugbu
et al. (2021) adopted Charney’s (1975) hypothesis on precipitation
being responsive to the state of the vegetation to understand LULCC and
climate change in West Africa. This hypothesis has however been
affirmed and rejected by different studies that have obtained different
outcomes. Affirming the hypothesis Swan (2012) and Yosef et al. (2018)
have shown that afforestation enhances precipitation. However, this has
been challenged by works conducted by Zhang and Wei (2021) who
show that deforestation in forest regions results in high evapotranspi-
ration which increases rainfall. In their perspective, afforestation in
forest regions increases the forest canopy which reduces evapotranspi-
ration and which reduces precipitation. Nevertheless, Achugbu et al.
(2021) argue that the discrepancies observed in these model outcomes
can be attributed to simulations performed using either different spatial
resolutions or different LULC data. To address these challenges, scholars
such as Yan et al. (2020) and Glotfelty et al. (2021) integrate remote
sensing data and the Community Land Model respectively with the WRF
model; this approach presents accurate results over the study regions.

More importantly, emerging trends and linkages established between
LULCC and its associated implications on enhancing greenhouse gases
(with a focus on temperature and precipitation), necessitate a prompt
response. Despite growing awareness of climate change, significant
knowledge gaps on climate trends in Africa remain due to several
challenges. One major issue is the lack of reliable, long-term meteoro-
logical data, particularly in rural areas, where limited infrastructure like
weather stations restricts data. For instance, many parts of West Africa
have insufficient climate monitoring networks, which hinder precise
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modeling of rainfall patterns crucial for agriculture. Additionally,
climate variability across Africa’s diverse regions, from the Sahel to
coastal zones, requires localized models, but many studies rely on broad,
global models that fail to capture these regional differences. For
example, the IPCC has acknowledged that many global climate models
struggle to accurately represent rainfall patterns in equatorial Africa
(IPCC, 2021; Crétat et al., 2014). Furthermore, research funding and
institutional capacity for climate studies are limited in many African
countries, leading to a reliance on external data sources, which may not
fully reflect local realities (Eriksen et al., 2021). This is compounded by
urbanization, deforestation, and other environmental pressures, such as
in Ethiopia, where rapid urban growth has exacerbated local climatic
changes, including the urban heat island effect (Li et al., 2022).
Collaboration between African nations on climate research also faces
barriers due to political and economic constraints, limiting compre-
hensive, continent-wide climate models. Addressing these deficits is
critical to developing climate resilience strategies tailored to Africa’s
diverse environments and socio-political realities.

To address these gaps in knowledge, this paper’s main contribution is
to explore the links between land cover change (LCC) and its socio-
environmental and economic implications, as well as its undesirable
effects on climatic variables such as temperature and precipitation. For
instance, Houghton et al. (2012) examined how land-use changes,
particularly deforestation and agricultural expansion, contribute to
global carbon emissions, exacerbating climate change. Foley et al.
(2011) further highlighted the broad environmental impacts of land
cover change, including alterations in ecosystem services, biodiversity
loss, and the regulation of water and energy cycles. This study fills
crucial gaps by (i) widening the lens to capture land use, precipitation,
and temperature trends for the entire continent of Africa from 1993 to
2023, (ii) establishing the causal influence between LULCC variables on
temperature and precipitation across Africa, and (iii) making land use,
temperature, and precipitation predictions based on current trends to
address land management and sustainability concerns.

To achieve these aims, the study employs Artificial Neural Networks-
Cellular Automata (ANN-CA) within MOLUSCE, Random Forest (RF),
and Convergent Cross Mapping (CCM) to model the impacts of LULCC
on temperature and precipitation across Africa. This integrated meth-
odological approach improves upon previous models by capturing both
predictive trends and causal relationships, which have often been
overlooked in earlier studies. The ANN-CA model facilitates detailed
LULCC simulations, RF enhances the precision of temperature and pre-
cipitation projections, and CCM helps establish robust causal linkages
between LULCC and climatic variability. We reckon that modeling
LULCC alongside climatic variables, particularly temperature and pre-
cipitation both of which have been predicted to increase the vulnera-
bility of the continent will highlight patterns that are critical for the
development and implementation of adaptive responses. Addressing
these aims can help policymakers, particularly in countries where
adaptation strategies are weaker, to develop targeted approaches for the
upcoming years and decades. By gaining a better understanding of the
rate of land cover change and its climatic effects, these countries can
implement adaptation measures more effectively to mitigate negative
impacts and enhance climate resilience. While the knowledge gained
from this study will be valuable for policymakers across Africa, it will be
especially beneficial for regions with limited resources and institutional
capacity to respond to environmental challenges. In addition, the in-
sights obtained can foster stronger collaboration within economic blocs
such as ECOWAS and SADC, supporting regional efforts toward sus-
tainable development, effective land management, and climate
adaptation.
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2. Study area and methods
2.1. Study area

Africa, the second-largest continent, covers approximately 30.37
million square kilometers and showcases a wide array of geographical
features and ecosystems. Bordered by the Mediterranean Sea, Atlantic
Ocean, Indian Ocean, and Red Sea, the continent is bisected by the
Equator, resulting in diverse climates and landscapes. Key geographical
highlights include vast deserts such as the Sahara, fertile river basins like
the Nile and Congo, significant mountain ranges such as the Atlas and
Drakensberg, and the tectonically active Great Rift Valley in Eastern
Africa, renowned for its biodiversity. Temperature patterns vary
significantly across the continent, with equatorial regions experiencing
minimal seasonal variation and desert areas like the Sahara facing
extreme temperature swings. Precipitation is also highly variable,
influenced by factors such as the Intertropical Convergence Zone (ITCZ),
mountains, and ocean currents, leading to abundant rainfall in equato-
rial regions, distinct wet and dry seasons in the savanna, and minimal
rainfall in desert areas.

Africa was selected for this Land Use and Land Cover Change
(LULCC) analysis due to its ecological diversity and pressing environ-
mental challenges. The continent’s varied ecosystems from tropical
rainforests to arid deserts provide a unique opportunity to study how
land use patterns evolve under different environmental conditions. Af-
rica faces critical issues, including rapid urbanization, deforestation, and
the severe impacts of climate change, such as rising temperatures and
altered precipitation patterns ( Oduro et al., 2022). These challenges
have significant implications for biodiversity, food security, and sus-
tainable development. By investigating LULCC in Africa, the study aims
to identify the drivers of these changes and formulate effective land
management and climate adaptation strategies. The findings will be
valuable not only for Africa but also for other regions grappling with
similar challenges.(Fig. 1)

2.2. Data acquisition and methodology

In this study, a total of thirty Landsat images with a 30-meter spatial
resolution, covering the period from 1993 to 2023, were obtained from
the Google Earth Engine. Landsat imagery was selected to achieve an
optimal balance between spatial detail and temporal continuity,
ensuring a consistent and comprehensive dataset for long-term LULCC
analysis across Africa. To enhance the accuracy of the dataset, image
preprocessing was conducted using ArcGIS 10.8 and ENVI 5.3, which
involved radiometric calibration, atmospheric correction, layer stack-
ing, and supervised classification. These preprocessing steps ensured
that the images were free from distortions and ready for accurate land
cover classification. For land cover classification, Landsat 5 TM
(1993-2001) and Landsat 7 ETM+ (2002-2015) utilized bands 7, 4, and
2, while Landsat 8 OLI/TIRS (2016-2023) employed bands 7, 5, and 3 to
optimize the detection of vegetation and built-up areas. Each satellite’s
specific row/path configurations were carefully applied to maintain
spatial consistency across different time periods. In addition to land
cover data, climate variables such as temperature and precipitation,
measured at 2 m above the surface, were obtained from the fifth-
generation European Centre for Medium-Range Weather Forecasts
(ECMWF) Reanalysis (ERA5) database. Spanning 1993-2023, the ERA5
dataset provided high-resolution, globally consistent climate data,
making it an ideal source for analyzing long-term temperature and
precipitation trends in relation to land cover changes.

To further enhance the robustness of our analysis, we integrated land
surface temperature (LST) and precipitation retrievals, allowing for a
more comprehensive assessment of environmental changes and the
impact of climatic factors on land cover transitions across Africa.
Ensuring the reliability and consistency of input data for causality
analysis was a key priority. Therefore, we carefully selected high-
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Fig. 1. Geographical location of study area.

quality, globally recognized datasets with proven accuracy for long-term
LULCC and climatic assessments. The ERA5 reanalysis dataset was
chosen for its advanced data assimilation techniques, which correct for
observational gaps and provide reliable climate records. Similarly,
Landsat-derived land cover datasets were employed due to their well-
documented temporal consistency and classification accuracy. To miti-
gate uncertainties associated with historical data limitations, we
implemented rigorous preprocessing techniques, including gap-filling,
outlier removal, and cross-validation with alternative datasets where
applicable. These steps ensured that the datasets used in our analysis
were as comprehensive, accurate, and consistent as possible. While we
acknowledge the inherent challenges of historical data availability in
some remote regions of Africa, the combination of globally standardized
datasets and robust preprocessing methods significantly reduced un-
certainties, enhancing the reliability of our causal inference results.
(Fig. 2)

2.2.1. Land cover classification and change analysis

Supervised image classification techniques were employed to cate-
gorize the land cover data into six distinct classes: built-up areas, forest,
desert/bare land, farmlands, waterbodies, and grassland/shrublands
(Table S.1). The classification process utilized the Maximum Likelihood
Classification Algorithm (MLCA), a widely adopted parametric approach
that assigns each pixel to the most probable land cover class based on
Bayesian probability estimates (Mishra & Upadhyay, 2022). Prior to
classification, the Landsat imagery underwent essential preprocessing
steps, including radiometric calibration to correct sensor-specific dis-
tortions, atmospheric correction using the Dark Object Subtraction

(DOS) method to remove atmospheric scattering effects, and geometric
correction to ensure spatial alignment with reference datasets. Training
samples for each land cover category were selected through ground
truthing and high-resolution imagery validation, ensuring robust spec-
tral separability between classes. The MLCA method then computed the
probability distribution of spectral reflectance values within each class,
leveraging covariance matrices to enhance classification precision. To
further refine accuracy, a post-classification correction was applied
using ancillary data and manual verification, minimizing misclassifica-
tion errors and improving thematic consistency.

To ensure the accuracy and reliability of the land-use classifications,
we conducted an extensive accuracy assessment using ground-truth
validation. A total of 6000 validation points (1000 per land-use class)
were randomly generated and stratified across different land cover
types: desert/bare land, built-up areas, waterbodies, forests, farmlands,
and grasslands/shrubs. These sampled points were overlaid onto high-
resolution Google Earth Pro imagery and compared with in-situ land
cover datasets from national and regional monitoring programs. The
classification accuracy was evaluated using user’s accuracy, producer’s
accuracy, and the Kappa coefficient, ensuring a robust assessment of
classification consistency and reliability. Furthermore, we included
confidence intervals for accuracy metrics to provide a more transparent
evaluation of classification performance. These refinements enhance the
robustness of our methodology and ensure that classification outputs
accurately reflect LULCC trends across Africa.

A LULCC statistical analysis was conducted to evaluate the conti-
nuity of land use systems across Africa and to identify the key factors
driving these changes. The analysis was guided by specific mathematical
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models and equations (Egs. 1, 2, and 3) designed to quantify the extent
of land cover transitions and the influence of various environmental,
socio-economic, and climatic factors on these transitions. This approach
enabled a comprehensive understanding of the dynamics of land use and
land cover in Africa, revealing patterns of change and continuity over
time and helping to pinpoint the underlying causes of these changes.

Change in LULCC = % (€D)
. -k
%Change in LULCC = Tx 100% 2)
. -k
Rate of Change in LULCC per year = & )X 100% | +t 3)

Where the variable k represents the land use and land cover change
(LULCCQ) for the previous year, while [ denotes the LULCC for the current
year. The variable t corresponds to the studied time span or interval. In
this study, t represents the total duration of the analysis, which is 30
years, covering the period from 1993-2023. These variables are critical
in the mathematical models used to assess and quantify the continuity
and shifts in land use systems across Africa, allowing for a detailed ex-
amination of how land cover has evolved over the study period and
identifying the factors that have influenced these changes.

2.2.2. Temperature analysis

2.2.2.1. Image calibration (Radiance). Radiometric correction was per-
formed to address atmospheric effects and improve image clarity. This
process included gap-filling for images exhibiting stripes or other arte-
facts and removing any distortions to ensure accurate data
representation.

2.2.2.2. Digital number (DN) to radiance conversion. For Landsat imag-
ery, which has DN values ranging from 0 to 255, the conversion to
spectral radiance was carried out following the method outlined by Coll

et al. (2009) and detailed in the USGS Landsat User Handbook. The
conversion was executed using the provided mathematical formula to
accurately calculate the radiance values for the study area. The analyt-
ical framework relied on the mathematical equations implemented in
ArcGIS 10.8 (5) and (6) (Sarfo et al., 2023):

(LMAX, — LMIN,)

L= (QCALMAX — QCALMIN)

x(DN — QCALMIN) + LMIN;, 5)

where L, is cell value as radiance in W/ (M2 % ST % ,um) ; LMAX; is the
sensor spectral radiance that is scaled to (QCALMAX) in
w/ (M2 * ST * ,um) ; LMIN, is the sensor spectral radiance that is scaled to
(QCALMIN) in [W/(M? « sr = um)]. (QCALMAX) is the maximum quan-
tized calibrated pixel value to LMAX; [DN], (QCALMIN) is the minimum
quantized calibrated pixel value corresponding to LMIN,; [DN]; and
QCAL is the quantized calibrated pixel value [DN]. Equation 4 can be
observed from header files ETM+ and TM datasets from the USGS
website. The LMIN and LMAX are the spectral radiances for each band at
digital numbers (DN) 1 and 255 for Landsat 7 ETM+, 1 and 65535 for
Landsat 8 OLI/TIRS. A is the wavelength. This was done using ArcGIS
10.8 using the below formula:

K>

ILST= | —F———"——
K;
In (RadianieJrKo + l)

—273.15 (6)

where LST denotes Land Surface Temperature in degrees Celsius (°C).
Radiance is the degree of emissivity observed by the sensor. Kp,
KiandK, are constants associated with sensor calibration. To validate
the accuracy of the temperature estimates derived from the Landsat
images, we conducted a comparative analysis with temperature data
obtained from the ERAS reanalysis dataset for the corresponding years.
The ERA5 data, known for its high-resolution and reliability, served as a
benchmark for this comparison. After preprocessing and aligning the
temporal and spatial resolutions of both datasets, statistical analysis was
performed to assess the consistency between the Landsat-derived



E. Yeboah et al.

temperatures and the ERA5 measurements. The results indicated no
significant difference between the two datasets, thereby affirming the
reliability of the temperature estimates obtained from the Landsat im-
agery. This validation step strengthens the confidence in the method-
ology and supports the argument that remote sensing data can be
effectively used for accurate temperature analysis over time.

2.2.3. Precipitation analysis

To analyze precipitation using ERAS5 reanalysis data, the process
began by acquiring high-resolution precipitation datasets from the Eu-
ropean Centre for Medium-Range Weather Forecasts (ECMWF),
covering the period from 1993 to 2023. The raw data were preprocessed
to align with the study area’s spatial and temporal resolutions, including
interpolation and quality control measures to address missing values
and outliers. The precipitation analysis involved calculating average
precipitation and spatiotemporal variations. Spatial analysis was con-
ducted and the results were visualized through maps. Expressions
related to landscape metrics (Equation S1), g-statistics (Equation S2)
and K-means analysis of LULCC variable, temperature and precipitation
are captured in the supplementary file. Similarly, details about the
causality approach utilized in this study are presented in the supple-
mentary material (Equations S3-S11).

2.3. Prediction

2.3.1. LULCC prediction

Projections for the years 2033, 2043, and 2053 were generated using
the Modules for Land Use Change Evaluation (MOLUSCE) in QGIS
version 2.18, employing Cellular Automata and Artificial Neural
Network (CA-ANN) methodologies to simulate future land use and land
cover change (LUCC) patterns across Africa. These simulations lever-
aged historical LUCC data from 1993 to 2023, allowing for the assess-
ment of long-term land transformation trends. The analysis was guided
by Evaluating Correlation (EC) metrics, spatial area transitions, and
Transition Potential Computation (TPC) modeling, all validated through
three iterative cycles to ensure robustness.

The modeling process was underpinned by critical reference data-
sets, including a high-resolution Digital Elevation Model (DEM) with a
spatial resolution of 30 m, providing detailed topographical insights
essential for understanding elevation-related impacts on land use and
climate. Additionally, a georeferenced road network raster of Africa
with a 100-meter resolution was incorporated to accurately analyze the
influence of transportation infrastructure on land cover changes. To
improve predictive accuracy, the model integrated key predictor vari-
ables, including built environment dynamics (change likelihood,
developed land density, cropland extent, and proximity to trans-
portation networks), socio-economic indicators (population density,
household numbers, urbanization rates, and industrial growth), and
natural environment parameters (climatic variables such as temperature
and precipitation with a monthly temporal resolution, soil moisture, and
ecological features such as vegetation indices). These factors, combined
with topographical characteristics derived from the DEM, provided a
comprehensive framework for predicting LUCC patterns with greater
precision, especially in the diverse and rapidly changing landscapes of
Africa (Sarfo et al., 2023).

To ensure the reliability of future land use simulations, a rigorous
calibration and validation process was conducted for the MOLUSCE and
ANN-CA models. The calibration phase involved training the ANN-CA
model using historical LUCC data from 1993 to 2023, with transition
probabilities derived from observed land cover transformations over the
study period. Key driving factors, including topography, proximity to
roads, population density, and land use zoning regulations, were
incorporated to enhance the model’s predictive capabilities. Model pa-
rameters were iteratively optimized using transition potential modeling
to achieve the best performance. For validation, we simulated the 2023
land cover map using historical data from 1993 to 2013 and compared
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the predicted outputs with the actual 2023 classified land cover. The
accuracy of the predicted land cover was evaluated using Kappa statis-
tics and Overall Accuracy which measures the degree of agreement be-
tween observed and simulated land cover. The validation results
confirmed the model’s ability to capture historical LUCC trends, thereby
strengthening the 2033-2053 projections and ensuring the reliability of
our future land cover simulations.

2.3.2. Temperature and precipitation prediction

In this study, the Random Forest (RF) algorithm was employed to
predict temperature and precipitation trends in Africa for the years
2033, 2043, and 2053. The RF model was selected for its robustness and
accuracy in handling large datasets with complex interactions, as well as
its ability to manage nonlinear relationships between predictor vari-
ables. The prediction process involved training the RF model using
historical climate data (1993-2023), including temperature and pre-
cipitation records, alongside relevant land use and land cover (LULC)
variables derived from remote sensing data.To ensure accurate and
generalizable predictions, the model was calibrated using a set of in-
dependent variables, including historical LULC data, Digital Elevation
Models (DEMs), vegetation indices, and socio-economic factors such as
population density and urbanization rates. The training process involved
generating multiple decision trees, each built from a randomly selected
subset of the data, and then aggregating these results to form the final
prediction. To further improve model reliability, we implemented 10-
fold cross-validation and hyperparameter tuning, optimizing key pa-
rameters such as the number of trees, maximum depth, and minimum
sample splits to prevent overfitting or underfitting. Additionally, out-of-
bag (OOB) error estimates were used to evaluate the model’s general-
izability, ensuring predictions were not overly sensitive to training data.

For the prediction of future climate conditions, the calibrated RF
model was applied to forecast temperature and precipitation for the
target years by incorporating projected LULC changes, which were
themselves generated using the Cellular Automata and Artificial Neural
Network (CA-ANN) approach within the MOLUSCE module in QGIS.
This integration provided a dynamic view of how alterations in land use
and land cover might influence climate variables over time. To further
enhance the robustness of these projections, we conducted feature
importance analysis and sensitivity assessments. Feature importance
was ranked using Gini impurity and permutation importance scores,
identifying land cover types, elevation, historical temperature/precipi-
tation trends, and vegetation indices as the dominant factors shaping
future climate patterns. A sensitivity analysis was conducted by sys-
tematically varying input parameters and assessing their impact on
model outputs, providing deeper insights into the stability and reli-
ability of our projections. The results from the RF model were analyzed
to identify spatial and temporal patterns in temperature and precipita-
tion across Africa, highlighting potential climate hotspots and regions at
risk of extreme weather events. The formula for a RF prediction model,
specifically for temperature and precipitation prediction, can was
summarized as follows:

2.3.3. Individual decision tree prediction
For each tree t in the forest (where t =1,2,...,T and T is the total
number of trees as expressed in Eq. 7):

Yi(X) = f(X) %)

where X represents the input features (historical temperature, precipi-
tation, land use), Y (X) is the predicted value of the response variable (e.
g., temperature or precipitation) from thet *  decision tree, and f;(X)
is the prediction function of the t %  tree, which is a non-parametric
function learned from the data.

Random Forest Ensemble Prediction is expressed as (Eq. 8):
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where Ygr(X) is the final predicted value for the response variable
(temperature or precipitation) using the Random Forest model. The
summation aggregates the predictions of all T decision trees, and the
average provides the ensemble prediction.

2.3.4. Model performance and validation

The model performance was evaluated using ANN-CA from
MOLUSCE, RF, and CCM to assess their predictive accuracy in temper-
ature and precipitation projections across Africa. The ANN-CA model,
implemented within the MOLUSCE plugin in QGIS, was used for LULCC
modeling, while RF was applied for LST and precipitation predictions,
and CCM was used to analyze the causal relationships between LULCC
and climate variables. Model accuracy was assessed using three key
statistical metrics: coefficient of determination (R?) to measure the
goodness of fit, root mean square error (RMSE) to quantify deviations
from observed values, and mean absolute error (MAE) to evaluate the
average prediction error. These metrics were computed by comparing
the predicted climate values against historical satellite-based climate
records, ensuring a robust validation of the models’ predictive
capabilities.

3. Results
3.1. Analysis of Africa’s land use and land cover change

Table 1 and Fig. 3 depict the spatial trends of Land Use and Land
Cover Change (LULCC) in Africa for the years 1993, 2003, 2013, and
2023. The data reveal that in 1993, forests and deserts/bare lands were
the most prevalent land cover types, followed by grasslands and shrubs,
particularly in the eastern, central, and western regions of the continent.
By 2013, there was a noticeable increase in built-up areas, which pro-
gressively encroached upon deserts and farmlands. This expansion of
urban environments can be attributed to historical patterns of urbani-
zation and economic development, as well as theories such as the
"urban-rural divide" and the "pull or push theory" discussed in studies by
Xiao et al. (2022) and Marchant et al. (2018). These theories highlight
the socio-economic forces driving the significant transformation of land
use across Africa, particularly in the post-independence era, where land
was increasingly developed for residential, commercial, educational,
and agricultural purposes. Consequently, the expansion of built-up areas
over the past 30 years has led to a reduction in grasslands/shrublands,
farmlands, and deserts, reflecting the continent’s rapid urbanization and
the growing demand for land resources. The continuous increase in
urban areas underscores the dynamic nature of LULCC in Africa and its
implications for sustainable development and environmental
conservation.

3.1.1. Temporal variations of LULCC in Africa
Table 2 illustrates the temporal variations in Land Use and Land

Table 1

Area coverage (sq.km) for LUCC in Africa (1993-2023).
Classes 1993 2003 2013 2023
Farmlands 3559,116 4451,938 4627,173 3041,842
Desert/Bareland 5893,299 5200,863 5003,458 5168,974
Built-Up 1078,742 1293,155 1397,324 2531,036
Grasslands/ 5592,884 5158,041 5165,026 4798,460

Shrublands

Forests 13,939,830 13,938,008 13,935,578 14,304,287
Waterbodies 306,130 327,996 241,442 525,401
Farmlands

***Total area coverage (Km?) (Absolute) = 30,370,000
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Cover (LULC) across four distinct time periods: 1993-2003, 2003-2013,
2013-2023, and the cumulative period from 1993 to 2023. Over the past
four decades, Africa has undergone significant transformations in its
land use patterns. Notably, there has been a dramatic increase in built-
up areas (+134 %) and waterbodies (+71 %). This expansion reflects
the continent’s rapid urbanization and infrastructure development, as
well as changes in hydrological systems. Interestingly, the data also
indicate a modest regrowth in forested areas (+2.61 %), suggesting
some success in reforestation efforts or natural forest recovery. How-
ever, this positive trend contrasts with the decline observed in other land
cover types, such as deserts (-12.29 %), farmlands (-14.53 %), and
grasslands/shrubs (-14.20 %). These reductions are largely due to the
conversion of these lands into urban areas, reforested zones, or areas
that have become waterlogged. These shifts highlight the complex dy-
namics of land use in Africa, where environmental, socio-economic, and
climatic factors are driving significant changes across the continent. The
analysis of land cover changes in Africa over the past thirty years has
revealed significant trends. An overall accuracy rate of 96 %—calcu-
lated from producer, user, and kappa accuracies—demonstrates a high
level of precision in assessing these temporal dynamics for the years
1993, 2003, 2013, and 2023 (Fig. S.).

Table 3 presents statistics for the rate and magnitude of change, in
relation to LULCC in Africa over the past 30 years.

Table 3 shows that farmlands, deserts, and grasslands/shrubs expe-
rienced annual decreases of 0.48 %, 0. 41 %, and 0. 47 %, respectively.
Conversely, built-up areas, forests, and regions covered by waterbodies
saw annual increases of 4.49 %, 0.09 %, and 2.39 %, respectively. These
trends reflect the ongoing transformation of Africa’s landscapes, driven
by urbanization, reforestation efforts, and changing hydrological pat-
terns. The temporal dynamics of land cover alterations also unveiled
substantial patterns. Built-up areas exhibited a considerable overall
change magnitude increase of 1452,294 km? between 1993 and 2023,
corresponding to an average annual change rate of 48,410 km?, signi-
fying the profound influence of urban development. Farmlands experi-
enced a noteworthy decrease in change magnitude, totaling
517,274 km?, with an average annual change rate decrement of 0.48 %.
Forest cover observed a notable increase in change magnitude,
amounting to 364,457 km?, with an average annual change rate incre-
ment of 0.09 %. Waterbodies displayed a discernible overall change
magnitude increase of 219,27 km?, corresponding to an average annual
change rate increment of 2.39 %. Notably, bare land witnessed a striking
decrease in change magnitude of 724,325 km?, with an average annual
change rate decrement of 0.41 %, indicative of substantial land trans-
formation processes such as deforestation, agricultural expansion, or
urbanization.

3.2. Temperature analysis results

The temperature map of Africa from 1993, 2003, 2013, and 2023, as
depicted in Fig. 4, demonstrates significant temporal and spatial varia-
tions in surface temperature across the continent over the past three
decades. The temperature range has shown a consistent upward trend,
with the highest recorded temperature increasing from 28.93°C in
1993-31.66°C in 2023, and the lowest temperatures fluctuating slightly
from 5.88°C in 1993-7.29°C in 2023. This trend highlights a general
warming of the continent, with a notable increase in temperature ex-
tremes over time. In 1993, the map shows a relatively broad distribution
of moderate temperatures, with higher temperatures (28.93°C)
concentrated in the northern regions, particularly in the Sahara Desert,
while cooler temperatures (5.88°C) were prevalent in the highlands of
East Africa and parts of Southern Africa. By 2003, the highest temper-
ature rose to 29.64°C, and the spatial distribution of warmer tempera-
tures expanded, particularly in the eastern parts of the continent. This
period marks the beginning of a more pronounced warming in East
Africa and the Sahel region, while the coastal and highland areas
remained relatively cooler.
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Fig. 3. LULCC over the past 30 years in Africa.

Table 2

Land cover changes between the given study periods (%).
Classes 1993-2003 2003-2013 2013-2023 1993-2023
Farmlands + 25.09 +3.94 —34.26 —14.53
Desert/Bareland -11.75 —3.80 +3.31 -12.29
Built-Up +19.88 + 8.06 + 81.13 + 134.63
Grasslands/ -7.77 +0.14 -7.10 —14.20

Shrublands

Forests —0.01 —0.02 + 2.65 + 2.61
Waterbodies +7.14 —26.39 +117.61 +71.63

By 2013, the temperature range had further increased, with the
highest recorded temperature reaching 30.52°C and the lowest tem-
perature recorded at 6.91°C. The warming trend continued, with more
areas in the northern and central parts of the continent experiencing
higher temperatures. The spatial distribution of heat intensified in the
Sahel and parts of East Africa, indicating a shift towards more extreme
temperatures in these regions. The cooler regions, particularly in
Southern Africa and the East African highlands, experienced slight
temperature increase but remained cooler compared to the northern and
central parts of the continent. In 2023, the highest temperature recorded
was 31.66°C, with the lowest at 7.29°C. The map shows a significant
expansion of high temperatures across the continent, with the most
notable increases in the northern regions and the Sahel, where tem-
peratures are consistently above 30°C. The warming is also evident in

Table 3
Rate and magnitude of change (sq.km) of LULCC in Africa (1993-2023).

parts of West Africa and Central Africa, where previously moderate
temperatures have now reached higher levels. The cooler regions, rep-
resented by blue and green hues, have also experienced warming,
though they remain the coolest areas on the continent.

3.3. Precipitation analysis results

The precipitation map of Africa for the years 1993, 2003, 2013, and
2023 in Fig. 5 illustrates the significant changes in rainfall patterns
across the continent over the past three decades. These maps reveal both
the temporal and spatial variations in precipitation, highlighting areas
of increased or decreased rainfall and providing insights into shifting
climatic patterns. In 1993, the map shows a precipitation range with a
maximum of 391.53 mm, concentrated primarily in Central and
Southern Africa. The regions with the highest rainfall include the Congo
Basin, parts of East Africa, and Madagascar. These areas, depicted in
dark green and blue hues, contrast sharply with the arid regions of North
Africa and the Sahara, where precipitation is virtually non-existent
(0.00 mm). The concentration of rainfall in the central parts of the
continent is consistent with the typical equatorial and tropical climate
zones known for high annual precipitation.

By 2003, there is a noticeable shift in the precipitation pattern, with
the highest recorded rainfall increasing dramatically to 752.32 mm. The
areas with the most significant rainfall are still located in Central and
Southern Africa, but the intensity and spread of these regions have
expanded, particularly in East Africa and the coastal regions. The

Classes 1993 (sq.km) 2023 (sq.km) Magnitude of change (sq.km) Magnitude of change (sq.km)/year Annual Rate of change (%)
Farmlands 3559,116 3041,842 —517,274 -17,242 —0.48
Desert/Bareland 5893,299 5168,974 —724,325 —24,144 —0.41
Built-Up 1078,742 2531,036 + 1452,294 -+ 48,410 +4.49
Grasslands/Shrublands 5592,884 4798,460 —794,424 —26,481 —0.47
Forests 13,939,830 14,304,287 + 364,457 + 12,149 +0.09
Waterbodies 306,130 525,401 + 219,271 + 7309 +2.39
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Fig. 4. Annual average LST variations in Africa (1993-2023).
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Fig. 5. Annual average Precipitation variations in Africa (1993-2023).
increase in precipitation is likely associated with enhanced tropical 2003. The spatial distribution of precipitation remains concentrated in
rainfall systems, possibly influenced by regional climatic phenomena the central and southern parts of the continent, but the areas with high
such as the Indian Ocean Dipole or the El Nino-Southern Oscillation rainfall have slightly contracted. This period may reflect a return to
(ENSO). In 2013, the maximum recorded precipitation decreased to more typical rainfall patterns following the anomalous increase
415.13 mm, indicating a reduction in rainfall intensity compared to observed in the early 2000s. However, some regions, particularly in East
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Africa, continue to receive substantial rainfall, though the overall in-
tensity is lower than in 2003.

By 2023, the precipitation range has further decreased, with the
highest recorded rainfall at 390.99 mm, comparable to levels seen in
1993. The map shows a continued concentration of rainfall in Central
and Southern Africa, with the Congo Basin and parts of East Africa
remaining as the primary regions of significant precipitation. The spatial
distribution suggests a stabilization of rainfall patterns, though the
overall trend indicates a slight decrease in precipitation intensity across
the continent. These precipitation trends reflect the complex and dy-
namic nature of Africa’s climate, influenced by various factors including
regional and global climatic changes. The fluctuations in rainfall pat-
terns have critical implications for water resources, agriculture, and
ecosystem sustainability across the continent. The observed decrease in
precipitation in some regions, particularly in the latter years, may signal
emerging challenges related to water scarcity and drought, especially in
areas already vulnerable to climate variability. Conversely, the
increased rainfall in certain periods may lead to challenges such as
flooding and soil erosion, necessitating adaptive strategies to manage
these climatic extremes effectively.

3.4. Landscape metrics, temperature and precipitation

The correlation matrices presented in Fig. 6 illustrate the relation-
ships between land use and land cover change (LULCC) variables, land
surface temperature (LST), and precipitation. The first matrix highlights
a strong positive correlation (0.868) between built-up areas and LST,
indicating that increased urbanization leads to higher temperatures,
reflecting the urban heat island effect. In contrast, forests show a sig-
nificant negative correlation (-0.773) with LST, suggesting that dense
vegetation contributes to cooler temperatures through transpiration and
shading. Similarly, water bodies (-0.690), farmlands (-0.707), and
grasslands/shrubs (-0.579) are associated with lower LSTs, while deserts
and bare land exhibit a moderate positive correlation (0.495) with
higher temperatures due to their lack of vegetation.

The second matrix examines the relationship between LULCC vari-
ables and precipitation. Forests demonstrate the strongest positive cor-
relation with precipitation (0.716), indicating that areas with extensive
tree cover tend to receive more rainfall, likely due to their influence on
local microclimates. Farmlands and grasslands/shrubs also show posi-
tive correlations (0.665 and 0.556, respectively), suggesting that
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vegetated areas contribute to increased precipitation levels. Conversely,
built-up areas have a strong negative correlation (-0.836) with precipi-
tation, indicating that urban regions receive less rainfall due to land-
scape alterations. Deserts and bare lands also reflect a negative
correlation (-0.481) with precipitation, consistent with their arid con-
ditions. Interestingly, water bodies show a positive correlation (0.667)
with precipitation, highlighting their role in influencing local humidity
and rainfall patterns.

3.5. g-statistics and K-means analysis results of LULCC variable,
temperature and precipitation

3.5.1. g-statistics results of LULCC variable, temperature and precipitation

The maps in Figure S.1 illustrate the g-statistics for the change in
LULCC variables relative to changes in LST (AT) and precipitation (AP).
A significant positive correlation is observed in northern Africa,
particularly in the Sahara Desert (Fig.S.1a), where increasing desert/
bare land areas correspond with rising temperatures, as barren land-
scapes absorb more heat. Additionally, urbanization shows a strong
positive correlation with LST in West and East Africa, reflecting the
urban heat island effect (Fig.S.1c). Conversely, dense forest (Fig.S.1 g)
cover and significant water bodies (Fig.S.1k) are associated with nega-
tive correlations with temperature, particularly in central and southern
Africa, where they help mitigate heat. In terms of precipitation, a strong
negative correlation is evident in arid regions (Fig.S.1b), especially
northern Africa, where desertification leads to decreased rainfall. While
urbanization disrupts local hydrological cycles and may reduce precip-
itation in West Africa, some East African areas show a slight positive
correlation due to localized microclimatic effects. Forested regions (Fig.
S.1 h), particularly in the Congo Basin, generally correlate positively
with precipitation, as dense forests enhance rainfall through
evapotranspiration.

3.5.2. K-means results of LULCC variable, temperature and precipitation
The K-means clustering analysis (Fig. S.2) of AT and AP in relation to
LULCC reveals distinct spatial patterns across Africa. Clusters 1 through
6 highlight regional responses to LULCC variables such as deforestation,
urbanization, and agricultural expansion. Cluster 1, primarily in
northern Africa, exhibits moderate temperature increases linked to the
conversion of natural vegetation to desert/bare lands (Fig. S.2a, c, e, g, i,
1) and urban areas, resulting in a slight decline in precipitation due to
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reduced vegetative cover and altered hydrological cycles. In contrast,
Cluster 2, spanning parts of West and East Africa, shows significant in-
creases in both temperature and precipitation (Fig. S.2b, d, f, h, j, k),
attributed to land cover transitions from grasslands and shrublands to
agricultural fields and urban spaces, where enhanced evapotranspira-
tion contributes to higher rainfall. Cluster 3, located in central and
southern Africa, reports a more subdued temperature rise but notable
increases in precipitation, likely due to preserved forest cover and
reforestation efforts that enhance local moisture through recycling and
increased humidity. Clusters 4, 5, and 6 demonstrate varied responses to
LULCC, with Cluster 4 experiencing moderate temperature increases and
variable precipitation patterns associated with farmland expansion.
Meanwhile, Clusters 5 and 6 reflect complex interactions influenced by
localized factors such as topography, land management, and proximity
to water bodies.

3.6. Temporal and spatial causal inferences between temperature,
precipitation and LULCC variables

The CCM analysis results in Fig. 7 and Fig. 8 provide insight into the
directional causality between land use and land cover change variables
and climate variables such as temperature (Temp) and precipitation
(Precip). The results illustrate the extent to which changes in LULCC
drive alterations in temperature and precipitation patterns across
various ecosystems. The GCCM results in Figs. 9, 10, 11 and 12 on the
other hand, provide a spatial perspective on the causal relationships
between LULCC variables and climate variables (temperature and pre-
cipitation) across the African continent. The causality framework, based
on CCM and GCCM, is designed to infer direct causal relationships be-
tween LULCC and climatic variables. Unlike traditional regression-based
models that may be influenced by external factors, CCM and GCCM
establish causality by reconstructing the state space of interacting var-
iables, ensuring that only true causal links are detected. In this study,
LULCC directly influences temperature and precipitation through well-
established biophysical processes such as changes in surface energy
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fluxes, albedo, and evapotranspiration. External factors such as urban-
ization and industrialization are not confounders but rather intrinsic
components of land cover change, captured within the LULCC frame-
work itself. For instance, urban expansion is classified as a land cover
category (built-up areas), and its influence on climate variables is
analyzed as part of the LULCC-induced changes rather than as an
external confounder. This ensures that the detected causal relationships
are truly driven by land cover changes rather than by extraneous vari-
ables. The following sections analyze these relationships for different
land cover types and their corresponding impacts on temperature and
precipitation.

3.6.1. Temporal causal inference: temperature and LULCC variables

The CCM results show a steadily increasing correlation between
built-up areas and temperature, with p values rising from approximately
0.1 at the beginning to almost 0.95 by time step 30. This strong positive
correlation indicates that as urban areas expand, the local temperature
increases significantly, confirming the urban heat island (UHI) effect.
The UHI effect is driven by the replacement of natural land covers with
impervious surfaces, which absorb and retain more heat, leading to
higher surface and air temperatures. This trend is particularly evident in
regions experiencing rapid urbanization, where the reduction in vege-
tation and increased anthropogenic heat emissions contribute to tem-
perature amplification. The near-linear increase in p over time
emphasizes the persistent and growing influence of urbanization on
temperature, suggesting that unless urban development is managed
sustainably, this trend will continue to exacerbate local warming. The
causality between desert/bare lands and temperature also shows a
strong positive trend, with p values reaching approximately 0.65 by time
step 30. This suggests that areas transitioning to desert or bare land
conditions are associated with significant temperature increases. The
loss of vegetative cover in these regions reduces the cooling effect pro-
vided by plants through evapotranspiration, leading to higher surface
temperatures. Additionally, the increase in surface albedo in bare lands
reflects more solar radiation back into the atmosphere, which can
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(e) Waterbodies and Temp and p depicts the Cross-mapping Skill values.

contribute to warming. The steady increase in the cross-prediction skill for interventions such as reforestation and sustainable land management
values (p) over time indicates that the expansion of desert/bare lands is a to combat desertification and its climate impacts.
critical driver of temperature rise in these regions, highlighting the need The CCM analysis in Fig. 7 also shows negative cross-prediction skill
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values between grasslands/shrublands and temperature, with p values shrublands is associated with lower temperatures, possibly due to the
starting near O and dropping to around —0.35 by time step 30. This cooling effects of vegetation through processes like evapotranspiration
negative correlation suggests that the presence of grasslands and and shading. However, the declining trend in p implies that the
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degradation or loss of grasslands/shrublands may lead to reduced
cooling capacity, contributing to local temperature increases. This trend
is concerning, as it indicates that ongoing degradation of these ecosys-
tems could exacerbate warming, particularly in semi-arid and arid re-
gions where grasslands are a dominant land cover. Farmlands, forests,
and waterbodies exhibit negative cross-prediction skill values with
temperature, with p values reaching around —0.55, —0.65, and —0.70
respectively by time step 30. These causations indicate that these land
cover types have a cooling effect on local temperatures. Farmlands,
through agricultural practices, can contribute to cooling via evapo-
transpiration and crop cover. Forests, with their dense vegetation, pro-
vide significant shading and cooling through transpiration, making them
critical for temperature regulation. Waterbodies, with their high specific
heat capacity, moderate local temperatures by absorbing heat during the
day and releasing it slowly at night. The consistent negative causation
over time emphasizes the importance of preserving and managing these
land cover types to mitigate local temperature increases, especially in
the context of climate change. This is particularly important in areas
close to waterbodies given that Ghana currently is experiencing
increasing sea level rise of 2.1 mm per year (Stark and Terasawa, 2013),
directly impacting flooding occurrences.

3.6.2. Temporal causal inference: precipitation and LULCC variables

The CCM results in Fig. 8 reveal strong negative causation between
built-up areas and precipitation, with p values decreasing from around
—0.1 to nearly —0.8 by time step 30. This indicates that urbanization is
associated with a significant reduction in precipitation. Urban areas,
with their impervious surfaces, disrupt natural hydrological cycles,
reducing moisture availability for precipitation through decreased
infiltration and increased runoff. The sharp decline in p suggests that as
cities expand, they contribute to drying trends, which could have severe
implications for water availability and agricultural productivity. The
strong inverse relationship highlights the need for green infrastructure
and urban planning strategies that enhance water retention and mitigate
the adverse effects of urbanization on precipitation. Desert/bare lands
exhibit a negative correlation with precipitation, with p values
decreasing to around —0.7 by time step 30. This indicates that the
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expansion of desert or bare land areas is associated with reduced pre-
cipitation, likely due to the lack of vegetation, which limits evapo-
transpiration and moisture availability. The strong negative trend
underscores the feedback loop between land degradation and climate,
where the expansion of deserts not only results from reduced precipi-
tation but also contributes to its further decline. This highlights the
urgent need for desertification control measures to break this cycle and
restore land productivity.

Farmlands and forests both show positive correlations with precipi-
tation, with p values reaching around 0.55 and 0.65 respectively by time
step 30. These positive trends suggest that these land covers enhance
local precipitation through moisture recycling and cloud formation.
Forests, in particular, play a critical role in maintaining the hydrological
cycle, and their preservation is essential for sustaining precipitation
levels. Waterbodies also exhibit a strong positive correlation with pre-
cipitation, with p values increasing to around 0.65 by time step 30.
Waterbodies contribute to local humidity and cloud formation, which
can enhance precipitation. The positive correlations for farmlands, for-
ests, and waterbodies highlight the importance of integrated land and
water management strategies to sustain regional precipitation patterns
in the face of climate change.

3.6.3. Spatial causal inference: temperature and LULCC variables

The spatial distribution of built-up areas driving temperature
(Fig. 9a) shows a significant concentration of causality in urbanized
regions, particularly in North and West Africa. The accompanying
GCCM plot (Fig. 9a) displays a steadily increasing cross-mapping skill
(p) over time, with p values reaching up to 0.55, indicating a strong
causal relationship. This spatial pattern reflects the urban heat island
(UHI) effect, where densely populated and industrialized areas experi-
ence higher temperatures due to reduced vegetation and increased
anthropogenic activities. The map highlights that desert/bare land areas
(Fig. 9b) are predominantly driving temperature increases in the Sahara
region and parts of the Sahel. The corresponding GCCM plot shows a
moderate causation, with p reaching approximately 0.6 (Fig. 10b). This
suggests that desertification and the expansion of bare lands are critical
contributors to rising temperatures in these regions, largely due to the
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reduced albedo and diminished evapotranspiration.

For grasslands/shrublands (Fig. 9c), the GCCM results indicate a
broader distribution of causality across central and southern Africa. The
causation decreases over time (p trending negatively) (Fig. 10c), sug-
gesting that these ecosystems have a cooling effect on temperature.
However, the decreasing trend implies that as grasslands degrade, their
ability to mitigate temperature rise diminishes, leading to localized
warming. The GCCM analysis for farmlands, forests, and waterbodies
(Fig. 9(d, e, f) and Fig. 10(d, e, f)) indicates that these land covers pri-
marily drive temperature in regions with extensive agricultural activ-
ities (farmlands in yellow) and dense forest cover (dark green). The
negative p values in the plots confirm that these land covers generally
have a cooling effect on the local climate, particularly in areas like the
Congo Basin and the Ethiopian Highlands. The strong negative corre-
lations suggest that preserving these ecosystems is vital for maintaining
cooler regional climates.

3.6.4. Spatial causal inference: precipitation and LULCC variables

The spatial GCCM map for built-up areas driving precipitation
(Fig. 11a) shows causality concentrated in regions with rapid urbani-
zation, particularly in West Africa. The corresponding GCCM plot re-
veals a declining p value (Fig. 12a), indicating that urbanization is
associated with reduced precipitation. This decline reflects the disrup-
tion of natural hydrological cycles by impervious surfaces, leading to
decreased infiltration and increased runoff. The desert/bare land GCCM
map (Fig. 11b) highlights that these areas are driving reduced precipi-
tation, particularly in the Sahara and Sahel regions. The negative trend
in p (Fig. 12b) reflects the impact of desertification on precipitation,
where the expansion of arid areas contributes to a feedback loop of
declining moisture availability and further desertification.

The grasslands/shrublands GCCM map (Fig. 11c) indicates that these
land cover types drive precipitation over large parts of the African
continent, especially in central and southern regions. The positive cross-
mapping prediction (p) (Fig. 12¢) in the GCCM plot suggests that these
ecosystems play a crucial role in maintaining precipitation levels. The
spatial distribution aligns with the importance of these ecosystems in
moisture recycling and cloud formation, essential for sustaining pre-
cipitation patterns. The GCCM results for farmlands, forests, and
waterbodies (Fig. 11d, e and f) show that these land cover types drive
precipitation in regions with extensive vegetation and water bodies. The
positive p values (Fig. 12d, e and f) indicate that these ecosystems
enhance local precipitation through mechanisms such as evapotranspi-
ration and moisture recycling. The maps highlight the importance of
these land covers in maintaining precipitation in regions like the Congo
Basin and the Great Lakes area.

3.7. Future LULCC projections for Africa

The LULCC prediction for Africa, as illustrated in the maps for 2033,
2043, and 2053, shows significant transformations across the continent
over the study period. The change detection statistics (Tables 4-6) for
projected land-use trends in Africa (Fig. 13) suggest significant shifts in
land cover classes between 2023 and 2053. Notably, built-up areas are

Table 4
Area coverage (sq.km) for LULCC in Africa based on future projections
(2023-2053).

Classes 2023 2033 2043 2053
Farmlands 3041,842 3425,871 3198,212 2970,553
Desert/Bareland 5168,974 4724,054 4487,016 4249,978
Built-Up 2531,036 2690,327 3136,432 3582,537
Grasslands/ 4798,460 4734,531 4586,902 4439,274
Shrublands
Forests 14,304,287 14,302,161 14,411,255 14,520,349
Waterbodies 525,401 493,057 550,183 607,309
***Total area coverage (Km?) (Absolute area) = 30,370,000.
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Table 5

Land cover changes between the given study periods (%) (2023-2053).
Classes 2023-2033 2033-2043 2043-2053 2023-2053
Farmlands +17.56 -3.85 —4.00 +8.51
Desert/Bareland —8.61 —5.02 —5.28 —-17.78
Built-Up +6.29 + 16.58 + 14.22 + 41.54
Grasslands/ —4.46 —5.18 —5.47 —14.36

Shrublands

Forests —0.01 + 0.76 + 0.76 +1.51
Waterbodies —6.16 +11.59 +10.38 + 15.59

expected to see a dramatic increase of 41.54 %, followed by waterbodies
with an 15.59 % rise, farmlands expanding by 8.51 % and forests
increasing by 1.51 %. These land cover types are anticipated to undergo
substantial expansion during the study period. Conversely, desert/bare
lands are predicted to decline sharply by 17.78 %, and grasslands/
shrubs decreasing by 14.36 % (Table 5). Furthermore, the rate and
magnitude (Table 6) of change analyses emphasize that built-up areas,
waterbodies, farmlands and forests will grow at annual rates of 1.38 %,
0.52 %, 0.28 % and 0.05 %, respectively, progressively replacing other
land cover types like grasslands and forests. This rapid transformation
highlights the intensification of agricultural practices, urbanization, and
desertification across the continent.

On the other hand, desert/bare lands and grasslands/shrubs are ex-
pected to experience significant annual reductions of 0.59 % and
0.48 %, respectively. The decline in these crucial ecosystems reflects the
ongoing pressures of deforestation, land degradation, and the impact of
climate change, leading to the loss of biodiversity and vital ecosystem
services. These trends underscore the urgent need for sustainable land
management practices to mitigate the adverse effects of these changes
on Africa’s environment and livelihoods.

3.8. Future temperature projections for Africa

The temperature predictions for 2033, 2043, and 2053 reveal a
consistent trend of rising temperatures across Africa, with significant
variations across different regions. By 2053, the highest temperature
range is expected to reach 36.88°C, with the lowest being around
8.87°C. The increase in temperature is most pronounced in the northern
and central regions of Africa, where desert and semi-arid conditions
prevail. This escalation in temperature aligns with the expanding
desert/barren land cover, indicating a strong correlation between land
cover changes and climate warming. The gradual increase in tempera-
ture over the decades underscores the ongoing impact of global climate
change, which is likely to exacerbate the challenges of water scarcity,
heat stress, and agricultural productivity in these regions.(Fig. 14)

3.9. Precipitation projections for Africa

The precipitation predictions for 2033, 2043, and 2053 show a
declining trend in overall rainfall across the continent. By 2053, the
maximum precipitation is projected to drop to 338.85 mm, down from
364.50 mm in 2033. The most significant reductions in precipitation are
observed in the central and southern regions, where rainforests and
grasslands are prevalent. This decline in rainfall is closely linked to the
observed and predicted decreases in forest and grassland cover, high-
lighting the interdependence between land cover and precipitation
patterns. The reduction in precipitation is likely to have severe impli-
cations for water availability, agriculture, and biodiversity, further
stressing ecosystems already vulnerable to land use pressures.(Fig. 15)

3.10. Model performance and validation
The validation results indicate in Table 7 show a strong predictive

performance across all models, with R? values ranging from 0.82 to 0.91,
demonstrating a high correlation between observed and predicted
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Table 6
Rate and magnitude of change (sq.km) of LULCC in Africa (2023-2053).

Land Use Policy 157 (2025) 107680

Classes 2023 (sq.km) 2053 (sq.km) Magnitude of change (sq.km) Magnitude of change (sq.km)/year Annual Rate of change (%)
Farmlands 3041,842 2970,553 + 258,711.10 + 8624 +0.28
Desert/Bareland 5168,974 4249,978 —918,996.50 —-30,633 —-0.59
Built-Up 2531,036 3582,537 +1051,501.50 + 35,050 +1.38
Grasslands/Shrublands 4798,460 4439,274 —689,186.40 —22,973 —0.48
Forests 14,304,287 14,520,349 + 216,062.20 + 7202 + 0.05
Waterbodies 525,401 607,309 + 81,907.80 + 2730 +0.52
2033 2043 2053
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Fig. 13. Predicted land use and land cover trends in Africa.

climate variables. The Random Forest model achieved the highest ac-
curacy for temperature predictions (R? = 0.91, RMSE = 1.12°C, MAE =
0.89°C), followed by the CCM-based model (R* = 0.89, RMSE = 1.27°C,
MAE = 1.01°C). For precipitation, the Random Forest model also per-
formed well (R* = 0.85, RMSE = 10.8 mm, MAE = 8.5 mm), indicating a
reliable representation of precipitation variations. The ANN-CA model,
though slightly less accurate than Random Forest, still exhibited strong
performance, with R? values of 0.87 for temperature (RMSE = 1.35°C,
MAE = 1.02°C) and 0.82 for precipitation (RMSE = 12.4 mm, MAE =
9.7 mm).

4. Discussion
4.1. Drivers of LULCC

Land use and land cover change in Africa has undergone significant
transformations over the past decades, driven by urbanization, defor-
estation, and climate change. These processes have reshaped ecosys-
tems, Dbiodiversity, and regional climate patterns, creating
environmental challenges across the continent. Urbanization has
emerged as one of the leading drivers of LULCC, with rapid population
growth and the expansion of cities leading to the conversion of natural
landscapes into built-up areas. From 1980-2020, the built-up area in
Africa increased by more than 80 %, particularly in nations like Nigeria,
Ethiopia, and Ghana (United Nations, 2019). This urban expansion not
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only reduces natural vegetation cover but also contributes to environ-
mental degradation, including soil erosion, pollution, and the urban
heat island effect (Seto et al., 2012).

Desertification, particularly in the Sahel and North African regions,
has also played a key role in shaping land cover changes. Overgrazing,
unsustainable farming practices, and climate change have accelerated
land degradation, leading to the spread of desert-like conditions in
previously arable lands. The loss of vegetation cover, in turn, exacer-
bates land degradation, creating a feedback loop of declining produc-
tivity and food insecurity (Middleton and Thomas, 1997). Efforts to
combat desertification, such as the Great Green Wall initiative, aim to
restore degraded landscapes and halt the advance of deserts across the
Sahel (Goffner et al., 2019). Climate change itself is both a driver and a
result of LULCC in Africa. Rising temperatures, erratic rainfall, and
extreme weather events have altered land use practices, forcing com-
munities to expand agricultural lands or abandon degraded areas. In the
Horn of Africa, recurrent droughts have led to increased land degrada-
tion, while LULCC has also contributed to global warming by reducing
carbon storage and altering the reflectivity of the Earth’s surface (Mutai
et al., 2012; Pielke et al., 2011). To address these challenges, African
countries have implemented sustainable land management policies,
such as reforestation programs and conservation agriculture, which are
essential for promoting environmental sustainability and resilience
(UNEP, 2019).
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4.2. LULCC effects on temperature

LULCC significantly influences temperature patterns across Africa,
particularly due to urbanization and deforestation. The rapid expansion
of urban areas has led to the urban heat island (UHI) effect, where urban
zones experience higher temperatures than rural areas due to the
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replacement of natural surfaces with concrete and buildings. In cities
like Lagos, Accra, and Nairobi, studies have shown temperature differ-
ences of 2°C to 5°C between urban and rural areas, intensifying heat-
waves and increasing energy demands (Makuma et al., 2020; Zhou et al.,
2014). This localized warming can have serious health and environ-
mental consequences. The predicted rise in temperatures and
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Table 7
Quantitative Validation Metrics for Model Performance in Temperature and
Precipitation Predictions Across Africa.

Model Variable R? RMSE (°C/ MAE (°C/
mm) mm)
ANN-CA LST (°C) 0.87 1.35 1.02
ANN-CA Precipitation 082 124 9.7
(mm)
RF LST (°C) 0.91 1.12 0.89
RF Precipitation 0.85 10.8 8.5
(mm)
CCM-Based LST (°C) 0.89 1.27 1.01
Model
CCM-Based Precipitation 0.83 11.6 9.1
Model (mm)

subsequent heatwaves are likely to increase the incidence of
health-related conditions such as heat exhaustion, heatstroke, dehy-
dration and hyperthermia, particularly among vulnerable populations
like the elderly, children, those with pre-existing health conditions and
outdoor workers in densely built urban areas like Accra, Lagos and Cairo
which experience urban heat island effect (Kwofie et al., 2022; Haines
and Ebi, 2019; Watts et al., 2018). Specifically, studies in Accra (Wiru
et al., 2020) and Lagos (Adelekan, 2020; Kunda et al., 2024) estimate
about 9 % increase in heat-related mortality in Accra by 2050, and
10-15 % rise in heat-related deaths, particularly among vulnerable
populations including the elderly and those with pre-existing health
conditions in Lagos by 2060. Prolong exposure to high temperatures has
also been shown to exacerbate cardiovascular and respiratory diseases,
as heat places additional stress on the human body (Liu et al., 2024;
Singh et al., 2024).

Furthermore, warmer temperatures and erratic rainfall can create
ideal breeding conditions and extend the transmission period for vector-
borne diseases, introducing these diseases into previously unaffected
areas (Obame-Nkoghe et al., 2024; Colon-Gonzalez et al., 2021). This
can pose significant public health challenges, particularly in many
communities in Africa which have limited healthcare infrastructure
(Lucero-Prisno et al., 2022). Changing temperature and precipitation
patterns in cities like Nairobi, Dar es Salaam and Kampala have signif-
icantly altered the distribution and activity of disease vectors, such as
mosquitoes and ticks, increasing the risk of vector-borne diseases like
malaria, dengue fever, and Zika virus (Tapia-Barredo et al., 2019). For
instance, low-risk outskirts of Nairobi are estimated to experience about
20 % increase in malaria incidence by 2060 and in Dar es Salaam, cases
of dangue are expected to surge by an estimated 40 % by 2080 due to an
increase in the transmission period (Baharom et al., 2021). Deforesta-
tion is another major driver of temperature changes in Africa. The loss of
forest cover, particularly in regions like the Congo Basin, reduces
evapotranspiration and increases surface albedo, leading to higher local
temperatures. As forests are replaced by impervious surfaces, the natural
cooling effect provided by vegetation is diminished, exacerbating
warming trends. This shift is evident in regions like West Africa, where
large-scale deforestation has led to measurable increases in surface
temperatures (Feddema et al., 2005; Malhi et al., 2008).

On a global scale, LULCC in Africa impacts the carbon cycle by
reducing the amount of carbon sequestered by forests, which contributes
to rising CO2 levels and global warming. As such, addressing LULCC
through sustainable land-use practices, reforestation, and climate-
resilient development strategies is essential for mitigating the long-
term impacts of climate change on both local and global scales
(Lawrence and Vandecar, 2015).

4.3. LULCC effects on precipitation

LULCC in Africa has a significant impact on precipitation patterns,
altering both local and regional climates. Deforestation, particularly in
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areas like the Congo Basin and West Africa, disrupts the natural water
cycle by reducing evapotranspiration. Forests play a critical role in
releasing moisture into the atmosphere, which contributes to rainfall
generation. When forests are cleared for agriculture or urbanization, the
moisture input into the atmosphere decreases, leading to reduced local
precipitation and potentially contributing to droughts (Lawrence and
Vandecar, 2015; Makarieva et al., 2006). This shift in rainfall patterns
has been observed in deforested regions, where the removal of trees
leads to a decline in precipitation and longer dry spells. In addition to
deforestation, the conversion of natural vegetation to cropland and
urban areas can influence precipitation through changes in land surface
properties such as albedo and surface roughness. Croplands generally
have higher albedo than forests, meaning they reflect more sunlight,
leading to reduced surface heating and weaker convection, which is
necessary for cloud formation and rainfall. Urbanization, on the other
hand, increases surface roughness and the heat island effect, which can
cause localized changes in precipitation patterns, often leading to
increased rainfall in and around urban areas due to enhanced convection
(Shepherd, 2005). However, this can also lead to imbalanced precipi-
tation, with urban areas receiving more rainfall at the expense of sur-
rounding rural regions.

Numerous studies highlight the link between precipitation imbal-
ances and health issues, particularly water-borne illnesses, food inse-
curity, and malnutrition. Increased rainfall and flooding in urban areas
often contaminate water sources, resulting in a rise in diseases like
cholera, typhoid fever, and diarrhea, especially in vulnerable African
communities (Cisse et al., 2019; Levy et al., 2016). Floodwaters can
transport pathogens into drinking supplies, exacerbating these health
challenges, particularly where infrastructure is poor (Noor, 2023).
Research in Southern and West Africa has shown a correlation between
cholera outbreaks and flooding, impacting informal communities in
Zambia (Kaseya et al., 2024) and Sierra Leone (Bangura et al., 2020).
Conversely, droughts in cities like Cape Town limit access to clean
water, forcing vulnerable populations to rely on unsafe water sources,
further spreading water-borne diseases (Guppy et al., 2018). Moreover,
changing precipitation patterns and high temperatures adversely affect
agricultural productivity, contributing to food insecurity, increased food
prices, and malnutrition in Africa, where many depend on rain-fed
agriculture (Myers et al., 2017). This food insecurity has dire implica-
tions for child development, heightening the risks of malnutrition and
related health issues (Tharumakunarajah et al., 2024).

The anticipated changes in temperature and precipitation across
Africa have significant implications for several Sustainable Development
Goals (SDGs), particularly Goal 3 (Good Health and Well-Being), Goal 2
(Zero Hunger), Goal 6 (Clean Water and Sanitation), and Goal 1 (No
Poverty). Climate change poses a threat to achieving SDG 3 by
increasing disease burden, limiting access to health services, and wors-
ening health outcomes for vulnerable populations (Watts et al., 2018).
Variable rainfall and rising temperatures disrupt food systems, compli-
cating efforts to meet SDG 2 on food security (FAO, 2021). Additionally,
water scarcity and contamination from climate change hinder progress
towards SDG 6, crucial for reducing water-related diseases (Arora &
Mishra, 2022). The health impacts of climate change can further
entrench poverty by diminishing the capacity to work, thereby making it
more challenging to achieve SDG 1 (Ebi et al., 2018). Thus, addressing
these health issues through effective policies and climate resilience
strategies is vital for Africa’s sustainable development and for meeting
the 2030 SDG targets.

The effects of LULCC on precipitation are not limited to local changes
but can also extend to regional and continental scales through atmo-
spheric circulation changes. Large-scale deforestation or land conver-
sion can alter wind patterns and shift the position of major weather
systems, such as the Intertropical Convergence Zone (ITCZ), which is
responsible for much of the rainfall in sub-Saharan Africa. When land
cover is changed extensively, the redistribution of heat and moisture can
cause shifts in the ITCZ, leading to changes in seasonal precipitation
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patterns across the continent (Devaraju et al., 2015). This disruption can
lead to variability in rainy seasons, affecting agricultural productivity
and water availability. LULCC in Africa significantly alters precipitation
patterns through the modification of land surface characteristics,
reduced evapotranspiration, and changes in atmospheric circulation.
The implications are profound, particularly for regions reliant on
consistent rainfall for agriculture and water resources. Addressing
LULCC through reforestation, sustainable land management practices,
and urban planning is essential to mitigate the negative effects on pre-
cipitation and ensure long-term climate resilience (Bonan, 2008; Taylor
et al., 2002).

4.4. Policy implications: moving from science to decision-making

4.4.1. Integrating climate-resilient policies and projects into Africa’s sub-
regional development agenda

In recent years, the impact of climate change and its related stressors
on the African continent has become increasingly evident. Rising tem-
peratures (Fig. 4), prolonged droughts, and more frequent extreme
weather events are threatening the livelihoods of millions of people.
Therefore, it is imperative for African nations to integrate climate-
resilient policies and projects into their development strategies to
mitigate the effects of climate hazards and ensure sustainable growth.
One of the key challenges these countries face is the lack of adequate
infrastructure and resources to cope with climate change. Many African
nations already struggle to provide basic services, such as clean water
and sanitation, and the added pressure of climate change exacerbates
these challenges. By incorporating climate-resilient policies and projects
into their development plans, African nations can build more resilient
infrastructure while also creating jobs and stimulating economic
growth. Indicatively, they must adopt localized mitigation and adapta-
tion mechanisms based on the principles of the ’grand urban model
(GUM),” which emphasizes the development of sponge, garden, and low-
carbon cities (Sarfo et al., 2023; Yeboah et al., 2025b). The *Great Green
Wall initiative,” for example, is a successful climate-resilient project that
spans 11 nations in the Sahel and aims to combat desertification. This
initiative has already planted millions of trees and created thousands of
jobs for local communities. By integrating similar projects in other re-
gions, African nations can protect their natural resources and improve
the livelihoods of their people.

Oswald et al. (2020) utilized urban climate models and improved
land use classifications to develop climate-resilient strategies in Kla-
genfurt, Austria. The findings from these studies underscore the need for
a multifaceted approach to address climate-induced challenges. Such an
integrated strategy combines various tools, policies, and methods that
work together, aligning climate-resilient policies with urban heat miti-
gation efforts and ultimately fostering a more sustainable and livable
society. The conclusions of these studies affirm the effectiveness of the
’causality approach’ used in this research to evaluate the causal impact
of changes in land use and cover on temperature and precipitation
variations in Africa, along with their consequences. To effectively
address climate risks and mitigation challenges, it is crucial to leverage
emerging digital technologies, such as strategically placed ground-based
temperature sensors across residential, commercial, and industrial areas
to collect data on thermal variations. This data can then be analyzed and
mapped using remote sensing technology, GIS, and various machine/-
deep learning techniques. By employing these methodologies, we can
identify, evaluate, and plan targeted interventions to address climate
risks and extreme weather events, optimizing resources for maximum
impact and enhancing the reliability of results from different approaches
to mapping UHI (Elmarakby et al., 2022; Yeboah et al., 2025a).

Based on the analysis presented in Figs. 6-12, a key strategy that
could be institutionalized across Africa’s sub-regions is ’Leveraging
Waterbodies for Urban Cooling.” Research by Liu et al. (2022), Zhi et al.
(2018), and Gunawardena et al. (2017) highlights the crucial role
waterbodies play in mitigating the adverse effects associated with
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climate hazards. Our findings are consistent with these studies,
demonstrating that the cooling effects of water bodies can extend
significantly, influencing the relationship between urban form factors
and land surface temperature. Therefore, integrating urban hydrological
processes, such as evaporative cooling, into climate-resilient policies
and urban heat mitigation strategies can enhance efforts to reduce both
land surface temperature (Fig. 4) and surface and near-surface UHI ef-
fects which are increasingly evident across Africa’s sub-regions.

Optimizing ’green-blue infrastructure synergies’ can improve the
cooling effects of urban green and blue spaces in Africa’s major cities.
Integrating green features like parks and urban forests with water bodies
such as rivers and lakes leads to greater temperature reductions than
using either green or blue infrastructure alone. Projects like sustainable
urban agriculture and other climate-friendly initiatives can further
amplify cooling benefits, creating more comfortable microclimates for
urban residents. According to Sarfo et al. (2023) and He et al. (2021),
adaptation mechanisms based on the GUM principle aim to enhance
community resilience against climate stressors through targeted mea-
sures for individuals, households, and populations. To effectively miti-
gate the negative impacts of climate disturbances, it is crucial to identify
climate-induced hotspots and patterns, as well as the underlying driving
forces in the region. This information forms the basis for developing
local strategies to address these challenges.

Given the economically driven horizontal and vertical expansion of
buildings and landscapes across Africa, implementing zero-UHI impact
designs through green building initiatives and investing in renewable
energy can help reduce LST and UHI intensity (Liu et al., 2022). This
strategy includes measures such as using high-albedo materials,
installing green roofs, and applying passive cooling techniques, which
are essential for lowering thermal loads on buildings and enhancing
climate resilience in African cities against extreme weather conditions.
Furthermore, investing in climate-resilient infrastructure could stimu-
late local economies by creating green jobs and attracting eco-tourism.
These infrastructure projects, combined with urban forests, parks, and
recreational areas, not only increase property values but also contribute
to the overall economic vitality of developing nations in Africa. Addi-
tionally, African nations could fulfill their commitments under the Paris
Agreement and other international climate accords, potentially
improving their access to funding and support from international
organizations.

Community involvement and crowdsourcing through citizen science
projects can greatly improve climate modeling and mitigation mapping
efforts. Initiatives that encourage both rural and urban residents to
report local temperatures and environmental conditions can enhance
scientific data, leading to a more comprehensive understanding of large-
scale climate events like sea level rise, increasing temperatures, coastal
inundation and gradual submersion of land, prolonged dryness, and so
on which affect vulnerable groups, resource-dependent communities,
and coastal livelihoods/inhabitants. This, in turn, fosters community-
driven solutions to mitigate the undesired consequences associated
with extreme weather events or climate hazards. It is crucial to recog-
nize that effective policies should be flexible and include monitoring and
feedback mechanisms to address uncertainties and unintended conse-
quences that may arise over time. These factors can significantly influ-
ence livability, thermal comfort, and resilience or sustainability efforts.

4.4.2. Need for adaptation justice amid land degradation, extreme weather
conditions and sustainability concerns

This study examines the past, present, and future trends in Africa’s
land use, temperature, and precipitation. The predictions made based on
prevailing trends are connected to the increasing demand for adaptation
justice (AJ) (Lager et al., 2023; Juhola et al., 2022). Although various
policy frameworks in Africa and some relevant works (Sarfo et al., 2024;
Shi et al., 2016) have proposed adaptation strategies, they often fail to
address the concerns of adaptation justice. In this study, we explored
these concerns about land degradation and extreme weather conditions
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in Africa. Juhola et al. (2022) and Shi et al. (2016) argue that *adapta-
tion justice’ focuses on the fair distribution of resources, responsibilities,
and opportunities as societies adapt to climate change and land degra-
dation. This concept recognizes that vulnerable groups, such as those in
Africa, often bear the brunt of climate stressors despite contributing the
least to these phenomena. In this study, we emphasize the importance of
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incorporating adaptation justice into policy and theoretical frameworks
that address land degradation and climate change concerns. Our goal is
to ensure that no one is left behind in these efforts. We establish a clear
connection between this innovative concept and specific Sustainable
Development Goals (SDGs) such as poverty eradication (SDG 1), zero
hunger (SDG 2), good health and well-being (SDG 3), access to quality
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Fig. 16. Need for adaptation justice amid land degradation, extreme weather conditions and sustainability concerns.
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education (SDG 4), sustainable cities and communities (SDG 11),
climate action (SDG 13), life on land (SDG 15), and partnerships for
inclusive development (SDG 17). By synergizing adaptation justice and
these SDGs, we can create a fair and inclusive approach to addressing
land degradation and climate hazards. This approach will reduce the
burden on marginalized communities and prevent the exacerbation of
existing inequalities in development efforts.

Based on the illustration mentioned earlier (Fig. 16), the dimensions
of adaptation justice, which include distributive, procedural, and
recognition, as stated in the IPCC (2022) sixth assessment report, aim to
prevent climate hazards, land degradation, and adaptation measures
from exacerbating poverty rates (SDG 1) in Africa. It is important to note
that adaptation measures can lead to unintended consequences or
maladaptation, so it is crucial to consider the potential impacts of
planning and management. Vulnerable groups (Fig. 16) are often
disproportionately affected by food insecurity, water scarcity, and
climate-related disasters, and they often lack the resources to recover
from these shocks. The emergence of community-led adaptation initia-
tives that empower local populations to build resilience is a key
component of AJ processes. For example, the Community-Based Adap-
tation Program in Ethiopia (Capitani et al., 2018) has engaged com-
munities in developing sustainable solutions to climate change impacts,
such as implementing weather-resistant farming techniques and
creating community-based early warning systems. These initiatives not
only address the immediate impacts of climate change but also promote
social justice by empowering marginalized populations to take charge of
their own adaptation efforts. Therefore, this innovative concept em-
phasizes the need for adaptation policies, plans, programs, and projects
(PPPPs) to prioritize and empower impoverished and vulnerable com-
munities. This approach ensures that resources are distributed equitably
and are accessible to enhance their adaptive capacity in both the short
and long term. These principles are connected to the ‘distributive
dimension,” which focuses on the benefits and burdens arising from land
use, land cover change (LULCC), climate change impacts, and risks. The
‘procedural dimension’ emphasizes the importance of clear pathways,
meaningful participation, fairness, and legitimacy in adaptation pro-
cesses. Lastly, the ‘recognition dimension’ encompasses acknowledging
diverse values and opinions while addressing underlying issues that
contribute to distributive and procedural injustices in adaptation.
Considering the principles and targets of SDG 2, which encompasses
achieving ’Zero Hunger’, it is crucial to recognize the close relationship
between land degradation and climate hazards, as they directly impact
agricultural productivity and food security. Unfortunately, marginalized
communities are disproportionately affected by these issues. That is why
AJ places a strong emphasis on creating resilient food systems that
prioritize small-scale farmers and rural populations. These individuals
are often the most vulnerable to climate disturbances and land degra-
dation. In this context, we advocate for sustainable agricultural practices
by promoting alternative green livelihoods and implementing agrofor-
estry and precision agriculture techniques. Additionally, we aim to
ensure access to climate-resilient crops and protect livelihoods that are
dependent on food production.

Health inequalities, referred to as SDG 3, are often worsened by
climate hazards. This includes extreme heat, water-borne diseases, and
air pollution, which disproportionately affect low-income populations.
The AJ concept emphasizes the importance of strengthening healthcare
systems to increase the resilience of vulnerable groups against climate-
related health risks, especially for those already facing barriers to
healthcare access. To achieve this, the concept must address the un-
derlying social determinants of health and promote equal access to clean
air, water, and quality healthcare services. For example, the Solar for
Health initiative in Tanzania provides solar-powered health facilities in
remote areas, ensuring access to healthcare services even in the face of
climate-related disruptions. By harnessing technological advancements
and promoting innovation, these initiatives enhance resilience and
promote justice in the face of climate change (Hunter et al., 2020).
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Similarly, SDG 4 focuses on education and effective communication
about land degradation, climate change, and adaptation. In urban areas,
for instance, successful AJ initiatives have been documented in cities
like Douala, Lagos, and Accra, where local knowledge and resources
have been leveraged to respond creatively to climate impacts (Williams
et al., 2023; Filho et al., 2018). These actions often involve anticipatory
and reactive measures by various actors, from individuals to interna-
tional agencies. These studies report how the younger generations can
be equipped with knowledge and skills to advocate for justice and
innovation in scientific research. Lastly, both rural and urban areas,
addressed by SDG 11, are highly susceptible to various climate events.
These include flooding, urban heat island effects (UHIs), heat waves, and
rising sea levels. Taking into consideration the social, economic, and
cultural aspects of these phenomena, city planners, local and traditional
authorities, international donors, and the scientific community in both
rural and urban areas can integrate AJ when developing PPPPs for short,
medium, and long-term sustainability. Sustainable policies in rural and
urban areas should prioritize the needs of vulnerable communities
through inclusivity (SDG 17) and resilient measures that prevent
climate-induced displacement and protect the less fortunate. Through
this concept, we advocate for strong global partnerships that go beyond
adaptation mechanisms available only to nations or individuals with
sufficient capacity to cope. Instead, these partnerships should provide
equitable support to developing and susceptible regions, fostering
shared responsibility and resources. Among the successful AJ scenarios
in Africa is the regional collaboration among countries to address shared
challenges. The African Union (AU) has played a critical role in fostering
collaboration and cooperation among member states to tackle climate
change impacts. For example, the African Risk Capacity (ARC) is a
mutual insurance pool that helps member countries respond to
climate-related disasters, providing financial support to vulnerable
populations and ensuring a coordinated response to climate risks.

The concept of AJ is a fundamental principle within the framework
of SDGs 13 and 15. AJ emphasizes the importance of not only technically
effective mechanisms, but also socially just approaches. The aim is to
cultivate empathy and ensure inclusivity in decision-making processes.
In terms of inclusive decision-making processes, the Women’s Climate
Centers in Nigeria provide a platform for women to participate in
climate-related decision-making processes, ensuring that their specific
needs and vulnerabilities are taken into account (Filho et al., 2018). By
incorporating diverse perspectives and promoting inclusivity, these
initiatives foster equitable and just adaptation practices. In order to
effectively address issues pertaining to land and climate hazards, it is
crucial to distribute financial, technological, and technical support in a
fair manner, taking into account the different responsibilities and ca-
pacities of nations and communities. For instance, the Green Climate
Fund (GCF), provides financial support to African countries to imple-
ment climate adaptation projects that prioritize the needs of the most
vulnerable populations. By mobilizing resources and ensuring that
funding is allocated equitably, these initiatives promote climate justice
by supporting those most affected by climate change (Hunter et al.,
2020; Williams et al., 2023).

The impact of these under-researched phenomena extends beyond
human activities to include other ecosystems and ecological processes.
Consequently, communities or individuals who rely on these ecosystems
for their livelihoods will remain at risk unless measures are taken to
protect other ecosystems. Sustainable land management and conserva-
tion efforts must prioritize the rights and needs of indigenous commu-
nities in order to facilitate equitable and just adaptation strategies.

4.5. Limitations and future directions

While the use of remote sensing to assess the influence of LULCC on
temperature and precipitation offers valuable insights, several limita-
tions must be addressed. One key challenge lies in the trade-off between
spatial and temporal resolution in satellite data, which can hinder the
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accurate capture of both fine-scale land cover changes and short-term
climatic variations. Additionally, remote sensing data often struggles
to isolate the direct effects of LULCC from other atmospheric and
human-induced factors, such as urbanization and industrialization,
which can obscure the specific impacts on temperature and precipita-
tion. The reliance on satellite data also introduces potential inaccura-
cies, particularly in regions like Africa, where ground-based validation is
sparse. This can lead to misclassification of land cover types and inac-
curacies in climate variable measurements. Moreover, the complexity of
causal analysis methods, such as CCM, requires high-quality input data
to establish reliable cause-and-effect relationships between LULCC and
climate variables. The absence of consistent and reliable historical data
in many African regions introduces significant uncertainties into the
analysis.

Additionally, the diverse landscapes, microclimates, and socio-
economic conditions across Africa present challenges to the general-
ization of the study’s findings. The varying land cover types and climatic
conditions throughout the continent influence the interactions between
LULCC and climate in complex ways, meaning that the results of this
broad-scale analysis may not fully capture the nuances of specific re-
gions. As such, the findings may not be directly applicable to all regions
without considering localized factors. Future research should focus on
developing region-specific models that account for these regional dif-
ferences, enabling more tailored and effective strategies for managing
LULCC and its climatic impacts. By improving data quality, refining
methodologies, and enhancing local-level analysis, future studies can
address these limitations and provide more reliable insights into the
dynamic relationship between land cover changes and climate systems
across Africa.

5. Conclusions

In this study, we examined the causality between land use and land
cover change (LULCC), and variations in temperature and precipitation
across Africa. To do this, we employed integrated remote sensing tech-
niques, causal inferences (i.e., Convergence Cross Mapping (CCM) and
Geographical CCM), and representative studies. Additionally, we utilize
Modules for Land Use Change Evaluation (MOLUSCE) and Artificial
Neural Networks combined with Cellular Automata (ANN-CA) to
simulate land use scenarios from 2033 to 2053. Our study draws the
following conclusions based on the evidence gathered: (i) Our findings
reveal a complex interplay of socio-political, economic, and biophysical
factors influencing LULCC over the last three decades. During this
period, northern and western Africa have experienced forest regrowth of
+ 2.61 %, alongside reductions in desert (-12.29 %), grassland/shrub
(-14.20 %), and farmland (-14.53 %) coverage. In contrast, built-up
areas expanded by + 134.63 %, and water bodies increased by
+ 71.63 %. (ii) Predicted trends suggest continued reductions in desert
and bare land, with annual decreases of approximately 0.59 %, and
declines of 0.48 % for grasslands and shrubs over the next 30 years. (iii)
The analysis, supported by g-statistics, reveals significant correlations
between LULCC and climatic variables. Rising temperatures in northern
Africa are associated with desertification, while dense forests and water
bodies in central and southern Africa help mitigate heat. (iv) K-means
clustering identifies distinct regional patterns in the impacts of LULCC,
underscoring the need for targeted interventions.

Our findings offer critical insights into the significant role that
LULCC plays in altering local and regional climate patterns, particularly
through processes such as urbanization, deforestation, and agricultural
expansion. The application of causal inference models, such as CCM and
GCCM, has enriched our understanding of these dynamics. As Africa
continues to experience rapid land cover changes, the continent’s
unique environmental and socio-economic context presents both chal-
lenges and opportunities for climate impact studies. The insights from
this research provide a foundation for policymakers and practitioners to
design more targeted land-use policies and climate adaptation measures,
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helping to mitigate the adverse effects of LULCC on regional climate
systems. Future research should focus on integrating more robust
datasets, advancing methodological frameworks, and fostering inter-
disciplinary collaboration between remote sensing scientists, climatol-
ogists, and local policymakers. These efforts will be crucial in addressing
the growing need for sustainable land management and climate adap-
tation strategies in the face of ongoing environmental changes.
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