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Land surface characteristics may inCuence the planetary boundary layer atmosphere and climate through
exchanges of moisture, energy, and momentum near the surface. We attributed the impact of multi-
temporal landsat-derived land use/land cover change (LULCC) on temperature and precipitation vari-
ability in eastern South Africa using reanalysis data and satellite-derived estimates from 1979 to 2020.
Landsat images were classiBed into different land cover classes using a machine learning random forest
pixel-based supervised algorithm within the cloud-based Google Earth Engine. Time series analysis was
employed to analyze cycles and trends in LULCC and hydrometeorological variables, whilst the variable
importance model determined the most sensitive variable. The impacts of LULCC on the boundary layer
climate were attributed via multiple linear regression. An uninterrupted rapid expansion of urban areas
was observed, resulting in the transformation of grasslands, water bodies, forests, and croplands. Sta-
tistically significant changes in moisture and energy Cuxes, and hydrometeorological variables were
observed across the study period. Latent heat Cux (LHF), as well as rainfall decreased, while maximum
temperature, sensible heat, and potential evapotranspiration (PET) increased significantly. We found
that LULCC is significantly impacting the boundary layer climate, with urban and bare land, grasslands,
forests, and croplands inCuencing temperature positively while negatively inCuencing rainfall. Rainfall
was most sensitive to changes in LHF, whilst the key driver of temperature variability was PET. Our
results reinforce the significance of LULCC and associated feedbacks to understanding boundary layer
processes, climate variability, and change.

Keywords. LULCC; climate variability and change; variable importance; random forest; surface
moisture and energy Cuxes; planetary boundary layer.
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1. Introduction

The land surface is among the planet’s most valu-
able and scarce natural resources (Atayi et al.
2016), important for human population growth and
providing mankind with access to basic survival
necessities such as shelter, food (Musetsho et al.
2021), water, medications, and energy (Rounsevell
et al. 2014). Whilst land use is the anthropogenic
modiBcation of land for urban settlement, agricul-
ture, recreation, and grazing land (Briassoulis
2009; Atayi et al. 2016), land cover refers to the
physical characteristics of the earth’s surface such
as vegetation, water, soil, and paved sur-
faces (Briassoulis 2009; Tizora et al. 2016). Global
resource demand has increased pressure on land
use and land cover (LULC) to meet the needs of the
growing population and provide a better life (Garg
et al. 2019; Herrmann et al. 2020; Musetsho et al.
2021). Population growth also accelerates urban
and cropland expansion at the expense of other
land cover types, such as grasslands (Dong et al.
2019). The land surface is being altered regularly
due to infrastructure development especially in
developing countries, with the aim to improve liv-
ing conditions and boost economies. Thus, land use
and land cover change (LULCC) exemplify the
earth’s response to human-induced pressures and
has become a significant contributor to the
changing global climate.
Climate change hastens the severity of natural

processes and climate extremes such as droughts,
heat waves, and Coods (Solanky et al. 2018;
Yuvaraj 2020), which also modify and transform
the land surface. Climate extremes have become
more frequent and more severe, increasing the
vulnerability of rural communities and ecosystems
in developing countries. Although human activities
are the primary cause of LULCC and the current
climate change, natural processes also play a role
(Liu et al. 2017; Herrmann et al. 2020; Musetsho
et al. 2021). Several regions around the world have
experienced increased climate variability as a
result of LULCC (Dong et al. 2019), altering
regional air circulation, surface energy, and mois-
ture Cuxes (Pontifes et al. 2018). Economic growth
and urbanization have increased greenhouse gas
concentrations, making them major contributors to
global warming.
LULCC is often associated with changes in

inBltration, evapotranspiration (ET), groundwater
recharge, and surface run-oA. Changes in land
surface characteristics have significant impacts on

energy and moisture exchanges between the
earth’s surface and the lower atmosphere (Li et al.
2020). These exchanges inCuence how latent and
sensible heat Cuxes are partitioned near the sur-
face, which may impact the climate system (Ban-
Weiss et al. 2011). Moisture in the soil and vege-
tation increases ET Cuxes, which cools the sur-
rounding environment by transferring more energy
as latent heat. While in some regions, a densely
vegetated area can receive twice as much precipi-
tation compared to a sparsely vegetated area
(Mahmood et al. 2014), changes in vegetation
patterns can alter precipitation and contribute to
climate change.
Africa, a biodiverse continent, is one of the

world’s fastest-urbanizing regions, experiencing
uncontrolled and unplanned urbanization (G€uner-
alp et al. 2018), which, according to Turok and
Borel-Saladin (2014), degrades ecosystem quality
and increases environmental risk and resource
scarcity. These unplanned settlements are sub-
jected to greater urban heat island (UHI) eAects
than planned settlements (Ngie 2020). The
increased extent and significance of LULCC and its
impact on climate has received increasing research
attention in southern Africa. Several studies have
investigated the relationship between LULCC and
climate in a variety of ways (Li et al. 2011; Pielke
et al. 2011; Oki and Blyth 2012; Li et al. 2018; Ge
et al. 2019; Idowu et al. 2019; Huang et al. 2020;
Meer and Mishra 2020).
Prior research has focused on the spatial distri-

bution of LULCC (Odindi et al. 2012; Xulu 2014;
Tizora et al. 2016; Kamwi et al. 2018; Phan et al.
2021), its inCuence on land surface temperature
(LST) and UHI (Mbithi et al. 2006; Li et al. 2011;
Ding and Shi 2013; Idowu et al. 2019; Sanecharoen
et al. 2019), precipitation (Meer and Mishra 2020;
Thapa 2020) and air temperature (Xiaofang et al.
2017). Due to the activities of the construction and
sand mining industry, Tizora et al. (2016) found a
significant decrease in natural surfaces in South
Africa’s Western Cape Province and a dominant
increase in mines and pits due to LULCC. More-
over, deforestation and residential development
have resulted in 25.5% of Rustenburg city expan-
sion and fragmentation of South Africa’s essential
biodiversity (Mudau et al. 2014; Musetsho et al.
2021) and are primary contributors to the impact
on hydrology, water quality, and availability in
South Africa (GyamB et al. 2016; Namugize et al.
2018; Nkosi et al. 2021). Urban sprawl has
increased surface warming in several municipalities
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such as Ethekwini, Buffalo, and Nelson Mandela
Bay including metropolitan cities of Durban,
Johannesburg, and Cape Town (Odindi et al.
2015, 2017; Ngie et al. 2017; Magidi and Ahmed
2020; Ngie 2020). Overall, studies have demon-
strated the widespread presence of LULCCs in
South Africa, as well as their impact on ecosystem
services and climate change. However, there is
limited research that has attributed the impacts of
LULCC to observed changes in the boundary layer
climate.
Understanding the relationship and impact of

LULCC on surface heat Cux, moisture Cux, and
hydrometeorological variables is important, par-
ticularly in eastern South Africa. The area is a
major maize-producing region dominated by
savanna and grassland biomes, whilst intensive
crop cultivation significantly fragments and
degrades natural vegetation (Botha et al. 2015).
Eastern South Africa is an excellent location for
evaluating the impact of LULCC since the area
receives higher rainfall and has more vegetation
than the arid west (Landman et al. 2017). It is
dominated by vegetation biomes such as grasslands
and savannas and located over the eastern
escarpment, critical in inCuencing the atmospheric
circulation and acting as a barrier to airCow, often
enhancing rainfall due to the uplift of moisture
(Singleton and Reason 2006; Ogwang et al. 2014;
Chikoore et al. 2021). It is critical to understand
how land has been altered in eastern South Africa
and the resultant impact on the local climate, as
well as to determine which LULC class has the
greatest inCuence on the change of the local
boundary layer climate. This will aid in future
disaster preparedness and policy formulation, as
well as environmental protection, increased agri-
cultural production, and human life preservation.
In view of the foregoing, the aim of this study is

to analyze the nature and trends of LULCC over
eastern South Africa and their impact on the local
boundary layer climate during the satellite era
from 1979 to 2020.

2. Data and methods

2.1 The study area

The study area is located southeast of South Africa
on the Great Escarpment characterised by sharp
topographic gradients that vary from 1040 to 2290
m above mean sea level, with lower altitudes in the

east (Bgure 1). Rainfall and temperature vary quite
significantly due to the complex topography.
LULCC is noticeable throughout the study area,

and to provide a more detailed assessment, we
divided the study area into four regions, identiBed
as regions A, B, C, and D. Region A is Memel in
Free State Province, dominated by agricultural
activities (croplands) alongside a variety of other
land cover types, including grassland and shrubs.
Change in this region results largely from cropland
expansion, which causes changes in other cover
types. Region B is a developed urban area in the
city of Newcastle, KwaZulu–Natal (KZN), sur-
rounded by crops and shrubs. Due to population
growth, this area has experienced an expansion of
high-density urban settlements (townships), which
have aAected other land cover types, particularly
crops. In region C is Normandien, KZN, which is
distinguished by the Ntshingwayo Dam (previously
Chelmsford), which consists of water bodies sur-
rounded by crops and grassland. Water bodies in
this area have changed over time and are
likely inCuenced by nearby land use types such
as cropland expansion, which necessitates water
withdrawal. Region D in Paul Pietersburg, KZN,
contains a variety of vegetation types, including
crops, grasslands, and shrubs, but is primarily a
eucalyptus forest, which experiences changes in
forest harvesting/planting aAecting crops and
other land covers. The magnitude of these changes
must be determined, and due to the diversity of
LULC, it is an ideal location for this research,
which will examine landscape change and deter-
mine the consequences of a changing climate.

2.2 Remote sensing data

When identifying and evaluating LULCC for the
study, it is crucial to use imagery with no clouds or
to remove clouds from the image. Cloud cover
contaminates data and prevents eDcient detection
and extraction of required information from the
image. However, due to limited satellite images
with zero cloud cover, images with up to 10% cloud
cover were also used in this study and treated as
though they had no contamination (Mohajane
et al. 2018). Landsat is well-known for its long-term
earth observation records from orbit, and it has
carried Bve generations of satellites since 1972
(Wulder et al. 2022). Landsat 5 (Thematic Mapper
– TM), Landsat 7 (Enhanced Thematic Mapper
Plus – ETM+), and Landsat 8 (Operational Land
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Imager – OLI) are used as secondary data sources.
Our study sourced data from 1990 to 2020 for the
LULCC analysis, accessed freely through the
Google Earth Engine cloud platform. Landsat 5, 7,

and 8 images were accessed according to the period
of operation, and the 1T (Brst level) radiometric,
geometric, and terrain-corrected images were used
for image classiBcation. Landsat images were

Figure 1. (a) The eastern escarpment of South Africa is demarcated in a red rectangle on the highly vegetated eastern part of
South Africa, and (b) this area encompasses three provinces, namely, KwaZulu Natal, Free State, and Mpumalanga. (c) The
escarpment spans an altitude range of 580–2331 (m). (d) shows the location of four regions of interest, indicated by the maroon
boxes, identiBed as insets A (Memel), B (Newcastle), C (Normandien), and D (Paulpieterburg).
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chosen because of their high spatial resolution of 30
m 9 30 m, which makes it ideal for LULC analysis
(Li et al. 2011; Ding and Shi 2013), and they are
widely used, and easily accessible (Ngie et al.
2014), with a 16-days revisit and can be used for
long-term annual time series of land monitoring.
Annual data allows for trend analysis over time,
which is useful in determining the direction and
magnitude of change. Land cover changes are
gradual and may not be visible over short time
spans, such as daily or monthly periods. Our study
employed annual data to eAectively capture and
understand the cumulative impact of land cover
dynamics on boundary layer climate to address
this. The landsat-derived LST using mono-window
and split-window algorithms was used as described
by Sekertekin and Bonafoni (2020). Moreover,
landsat-derived normalised deference vegetation
index (NDVI) and normalised deference infrared
index (NDII) were used as proxies for vegetation
greenness and soil moisture storage, respectively.
NDVI gauges spongy mesophyll (Gu et al. 2007)
and is sensitive to chlorophyll levels (Burapapol
and Nagasawa 2016), while NDII has proven to be
a good indicator for monitoring root-zone
soil moisture content based on the state of vege-
tation (Sriwongsitanon et al. 2015). LST, NDVI,
and NDII have acquired prominence as indicators
of drought conditions, surface soil moisture, and
ET (Chikoore 2016). NDVI and NDII were com-
puted with red, near-infrared (NIR), and short-
wave infrared (SWIR) landsat spectral bands using
equations (1 and 2), respectively.

NDVI ¼ ðNIR� redÞ
ðNIRþ redÞ ; ð1Þ

NDII ¼ ðNIR� SWIRÞ
ðNIRþ SWIRÞ : ð2Þ

2.3 Climate data

The monthly Climate Hazards Group’s Infrared
Precipitation with Stations (CHIRPS) dataset
was employed and accessed from the Cli-
mateSERV website ClimateSERV – Map (servir-
global.net) to analyze rainfall variability. The
CHIRPS dataset provides global data at daily,
pentad, and monthly temporal resolution with a
high spatial resolution of 0.05� 9 0.05� (Funk
et al. 2015). Furthermore, CHIRPS has a rea-
sonably long record that spans the satellite era
from 1981 to present, allowing for improved time

series trend analysis for several environmental
monitoring systems. This dataset provides
dependable precipitation statistics, particularly in
mountainous locations (Funk et al. 2015;
Gebremicael et al. 2017; Shen et al. 2020). The
CHIRPS data are primarily produced for agricul-
tural drought monitoring (Funk et al. 2015),
combining satellite (Meteosat) and station obser-
vations to provide the most accurate estimates of
rainfall over complex terrains (Funk et al. 2015).
CHIRPS data eliminates biases of satellite data,
which often underestimate the severity of extreme
rainfall events due to the complexity of the ter-
rain and paucity of station data in most rural
settings (Funk et al. 2015; Gebremicael et al.
2017).
The Global Land Data Assimilation System

(GLDAS) version 1 data is a NOAHmodel, which is
available from 1948 to 2000, and version 2 data is
available from 2000 to present, with a spatial reso-
lution of 0.25� 9 0.25� and available monthly.
GLDAS can generate quality-controlled, spatially,
and temporally consistent data (Mbatha and Xulu
2018). Potential Evapotranspiration (PET) is a
measure of atmospheric demand for water vapour
and can be estimated using either the Thornthwaite
or Penman–Monteith formulas, and the latter
technique was used in this study. The Pen-
man–Monteith technique combines Bxed bulk sur-
face and vapour aerodynamics to estimate PET
(Tukimat et al. 2012) and is computed using daily
mean temperature, wind velocity, humidity, and
solar radiation or sunshine hours (Zhang et al. 2020).
ET and PET data were downloaded from 1979
to 2020 from the Giovanni Earth Data website
(https://giovanni.gsfc.nasa.gov/giovanni/). Sensi-
ble and latent heat Cuxes constitute the transfer of
heat between the land surface and the atmosphere
due to differences in temperature and phase changes
ofwater (Ge et al. 2019). The heatCuxdatawere also
obtained from the GLDAS model, which was
accessed from the Giovanni Earth Data website.
In this study, the Climate Research Unit gridded

Time Series Version 4 (CRUTS v4) weather station
observations at 2-mmaximum (Tmax) andminimum
temperature (Tmin) dataset were employed from
1979 to 2020 at 0.5�9 0.5� horizontal resolution and
obtained via the KNMI climate explorer website:
(http://climexp.knmi.nl/start.cgi). This monthly
grid of land-based observations has nomissing value
and has been used for bias correction of the model
and reanalyses, and the data is well described by
Harris et al. (2020).
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2.4 Methods

2.4.1 ClassiBcation algorithm

Supervised classiBcation is a widely used technique
that is entirely dependent on the researcher’s
knowledge of the area of study, which can be
obtained through site visits, aerial images (Tar-
awally et al. 2018), orGoogle Earth’s (GE) historical
imaging function. ClassiBcation is the process of
assigning spectral properties to individual pixels in
an image to classify images as LULC classes (Lille-
sand et al. 2004; Mather and Koch 2011). The image
is classiBed based on its spectral signature, and the
training classes include the lowest and maximum
features associated with each class’s spectral signa-
ture. The landsat images were classiBed into differ-
ent land cover classes using a machine learning
Random Forest (RF) pixel-based supervised algo-
rithm from 1990 to 2020, spanning 31 years of land
usage. Breiman (2001) proposed the algorithm,
which is based on decision trees, improved bagging,
and the bootstrap technique. RF machine learning
algorithm is used for object identiBcation and clas-
siBcation as it has been shown in several studies
(Kulkarni and Lowe 2016; Dlamini and Xulu 2019;
Masroor et al. 2022) to be successful and produce
highLULCaccuracy results ofmore than 90%. It has
become a popular algorithm since 2016 globally
(Sheykhmousa et al. 2020) and one of the best
techniques for distinguishing between urban and
barren land (Masroor et al. 2022). The most impor-
tant parameters in RF classiBers are the classiBca-
tion tree, the variable associated with each
classiBcation tree, the minimum sample size of
leaves, and the decision tree input variables (Zhao
et al. 2021). When the decision tree’s accuracy is
increased, the overall classiBcation accuracy
increases (Breiman 2001). The result of supervised
classiBcation is highly dependent on the input
training sample. A large sample set is required to
train the classiBer in complex domains to accurately
discriminate between ground objects in complex
topographic regions with diverse land cover and
forest which may shadow areas and increase classi-
Bcation errors (Kulkarni and Lowe 2016). In this
study, the initial categorization count beganwith 80
samples and gradually increased, and 70% of the
sample was split for training and 30% for dataset
validation. After each iteration, the classiBcation
results were compared to the corresponding satellite
image, and if the classiBcation results were not good,
further training samples were added until a

satisfactory classiBcation result with an accuracy
greater than 85% was attained. Xulu et al. (2021)
eAectively used RF to distinguish vegetation from
non-vegetation areas in a South African mine area
using GEE and reached a 78% accuracy. The clas-
siBer was also used in South Africa by Dlamini and
Xulu (2019) during the classiBcation of mining and
forest classes at Richards Bay Minerals, achieving
99% accuracy. RF has been frequently used by
researchers due to its decreased computational
complexity and greater interpretability capacity
(Sheykhmousa et al. 2020).

2.4.2 Accuracy assessment

All maps generated through remote sensing analysis
must be validated against a comprehensive inde-
pendent dataset (Hord andBrooner 1976; Xulu et al.
2021). ClassiBcation accuracy assessment is crucial
(Mulugisi 2015) since without it, the classiBcation is
invalid (Odindi et al. 2017; Tarawally et al. 2018;
Thapa 2020). Ground truthing was performed using
GE to interpret landuse.This studymakes use of the
historical imagery function to classify high-resolu-
tion GE images and validate the classiBed images.
Two frequently used methods for assessing classiB-
cation accuracy are the confusion/error matrix and
kappa statistics. A confusion matrix is a component
of standard descriptive and discrete multivariate
statistics that are used to compare classiBcation
results to the actual data obtained (Mulugisi 2015).
It is a technique used to summarise the performance
of the classiBcation algorithm (Lillesand et al. 2004)
carried out by picking a representative sample of
reference locations and comparing their classiBca-
tion to the classiBcations on the land cover map
(Stehman 1997). The reference sample should be
chosen independently of the data used to train and/
or create the classiBcation algorithm (Stehman
1997).A confusionmatrixwas generated to show the
producer’s accuracy (PA), the user’s accuracy (UA),
and the overall accuracy (OA).The kappa values are
classiBed into three categories: Values\59% indi-
catemoderate or poor agreement, values between 60
and 79% indicate substantial agreement, and values
[80% indicate strong agreement (Abdelkareem
et al. 2018).

2.4.3 Time series analysis

Trend analysis is a statistical technique applied
in this study to produce a temporal patterns of
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surface energy and moisture Cuxes, and hydrome-
teorological parameters. Both parametric and
nonparametric tests are routinely utilized to test
the trend of time series data in climate, environ-
mental, or hydrological data. The parametric test,
according to Ahmad et al. (2015), requires nor-
mally distributed and independent data, whilst
nonparametric tests require the data to be inde-
pendent and resistant to outliers (Ahmad et al.
2015; Mbatha and Xulu 2018; Liu et al. 2021).
When using a nonparametric test, results are not
inCuenced by these outliers (Ahmad et al. 2015) or
missing values (Liu et al. 2021). As a result, the
nonparametric Mann–Kendall (MK) test was used
to detect statistically significant time series trends
in this study. The test uses the null hypothesis
(H0), which argues that no trend exists, while the
alternative hypothesis (H1) rejects the null
hypothesis and states that a trend in parameters
could be positive or negative (Ahmad et al. 2015).
The trends were tested for statistical significance
at the 95% level of conBdence if p-values were
\0.05.

2.4.4 Variable importance

Variable importance (VI) is used to rate or rank
the importance of variables in regression or classi-
Bcation (Strobl et al. 2007; Debeer and Strobl
2020). Variables are presented in descending
importance depicted by increased Mean Square
Error (%IncMSE), which measures how much
accuracy the model loses when a variable is altered,
and the Increased Impurity Index (IncNodePur-
ity), which measures how much each variable
contributes to the homogeneity of the data in the
resulting random forest (Echeverry-Galvis et al.
2014). The higher the value of %IncMSE or
IncNodePurity, the higher the importance of the
variable in the model. To determine the important
hydrometeorological variable that inCuences cli-
mate variability, RF was employed using the
‘random forest’ library in R. An ensemble of clas-
siBcation trees was created in the RF by drawing
several bootstrap samples or subsamples from the
original training data and Btting a single classiB-
cation tree to each sample (Strobl et al. 2008). As a
result of random variation in the samples and the
instability of the single classiBcation trees, the
ensemble in RF consists of a diverse set of trees
(Strobl et al. 2008; Debeer and Strobl 2020;
Mathivha and Mbatha 2022). The RF is a model

commonly used as a predictor function, and the
model has been proven useful in a variety of
applications (Debeer and Strobl 2020). It is popular
and widely used due to its high prediction accuracy
and ability to model high-dimensional complex
data. In comparison to other univariable screening
methods, RF can cover the impact of each predic-
tor variable individually as well as in multivariate
interaction with other predictor variables (Strobl
et al. 2008). It was used in this study to rank the
variables according to their importance, allowing
for the identiBcation of the most important or
sensitive variable to change due to LULCC.

2.4.5 Multiple linear regression analysis

One of the study’s objectives is to quantify the
impact of different land uses/covers on critical
variables that are sensitive to change in the local
boundary layer climate and hence an MLR model
was used. The MLR is a statistical technique that
predicts the value of a single dependent variable
using values of two or more independent variables
(Alexopoulos 2010; Grant et al. 2019). It estimates
the amount by which a dependent variable changes
in response to changes in the independent variables
(Grant et al. 2019). The MLR was used in this
study to determine which land cover classes have
the greatest inCuence on the important variable,
allowing for the identiBcation of the land cover
class most likely to inCuence the local boundary
layer climate. According to (Alexopoulos 2010;
Mbatha and Xulu 2018), the MLR model can be
represented as per equation (3).

yi ¼ b0 þ b1xi2 þ . . .þ bpxip þ ei: ð3Þ

Here, i ¼ 1; 2; 3; . . .;n, yi is the response variable,
which is the important variable as per random
forest result, xip is the predictor’s variables, which
are all classiBed LULC classes, b0 is the intercept,
and b1; b2; . . .;bp is regression coefBcient of the x

terms. The term ei is the model’s error term, which
it is always attempting to minimize (Mbatha and
Xulu 2018).

3. Results

3.1 Accuracy assessment

Several factors, including satellite data’s proper-
ties, the scale of the research area, and the level of
information in the LULC classes, can all have an
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impact on the accuracy value (Morales-Barquero
et al. 2019). When identifying LULC using remote
sensing, the total accuracy should be at least 85%,
and the classes should be at least 70% (Anderson
1976). Results show that the average overall clas-
siBcation accuracy and kappa coefBcient ranged
from 98 to 99% over the 31-year study period,
indicating that classiBcation accuracy is high. The
validation data suggests that about 98% of the
classiBcation maps made in this study were highly
accurate. This is a sufBcient level of precision for
subsequent analyses and change detection. The use
of GEE and a RF classiBer made it possible, and it
has consistently demonstrated dependability.

3.2 Temporal and spatial analyses of land use
land cover change

Landsat multispectral imagery from the GEE
cloud platform was classiBed into six land cover
categories annually for a period of 31 years
(1990–2020) in the study area. The six categories,
i.e., water, bare land, urban land, forest, cropland,
and grassland, were classiBed based on their dom-
inance in the area (Bgures 2 and 3). Figure 2
summarizes a time series of the LULCC through
the study period, while Bgure 3 shows the spatial
distribution of various LULC classes with 10-year
intervals.
The MK trend test indicates a decreasing trend

of water bodies in regions A and C (p[ 0.05 and
negative z value), while an increase is observed in
regions B and D (p [ 0.05 and positive z value;
table 1). The variability in water bodies is much
larger in region A than in the other regions. For
example, the area covered by water bodies in 1997
and 2001 was above 300 and 400 ha, respectively,
while in 2007 and 2020, the area was far\100 ha
(Bgure 2a). This suggests that water bodies in
regions A, B, and C are getting drier while those in
region D are getting wetter, despite the trends
being statistically insignificant. Cropland signifi-
cantly decreased in regions A and B (p\0.05 and
negative z value) while insignificantly decreasing
and increasing in regions C and D, respectively
(table 1).
Results also showed that grassland dominates all

regions throughout the study period, covering more
than 50% of the total area (Bgures 2 and 3). It has
significantly decreased in regions B, C, and D while
significantly increasing in region A (table 1). In
regions A, B, and C, bare land is the second most

dominant feature (Bgures 2a–c and 3a–c), whereas
in region D, forest is the second dominant feature
(Bgures 2d and 3d). In addition, the trend of bare
land increased insignificantly in regions A, B, and
D, while it significantly increased in region C
(p\ 0.05 and positive z value; table 1). There is a
clear relationship between grassland and bare land,
with one decreasing as the other increases, and vice
versa. A similar observation can be made between
grassland and forest in region D (Bgure 2d). On the
other hand, forest cover decreased significantly in
region A but decreased insignificantly in region B
and increased insignificantly in regions C and D
(table 1). In region B, grassland significantly
decreased from 1994 (61.4%) to 2014 (26.1%), then
increased until 2020 (51%), whereas bare land
experienced the opposite trend – an increase from
1994 (22.2%) to 2014 (52.8%) and a decrease from
2014 to 2020 (19.2%; Bgure 2b). In 2000, grassland
showed a significant decrease and then recovered in
2001 in regions B and D (Bgure 2b and d), while
region C only recovered in 2005 (Bgure 2c). Urban
land increased significantly across all the regions
(increased by 0.44% in region A, 15.5% in region B,
0.1% in region C, and 0.6% in region D) and was
the only class that experienced significant, unin-
terrupted change as a result of human development
and population growth over the 31-year period. As
depicted in Bgures 2(b) and 3(b), region B
demonstrates the greatest urban dominance and
expansion. The expansion of urban land primarily
occurs over both vegetated and bare land areas.
Over regions A and C, urbanization expanded
southwards at the expense of grassland (Bgure 3a
and c), whereas region B expanded south and north
over grassland and bare land (Bgure 3b), hence a
significant decrease in the classes (Bgure 2b). While
urban land expansion in region D is occurring on
forested land and grassland, forest regeneration has
occurred at the expense of grassland over time.
This has provided clear evidence of deforestation as
urbanization expands across region D.

3.3 Analysis of temporal and spatial distribution
of climate variables

Latent heat Cux (LHF), sensible heat Cux (SHF),
PET, Tmax and rainfall values exhibit a distinct
seasonality, with high values observed during the
austral summer and low values in winter across all
regions from 1979 to 2020 (Bgures 4–6). Over time,
all the variables have undergone significant
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Figure 2. Long-term annual time series depicting variation of six (6) land use land cover classes from 1990 to 2020 at region A
(a), region B (b), region C (c), and region D (d) over the eastern escarpment of South Africa.
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changes and Cuctuations due to severe climatic
conditions and extremes. The MK trend test
revealed that all regions are characterized by an
annual insignificant decreasing trend for LHF (p[
0.05 and negative z value). The trend for SHF
is significantly increasing (p \ 0.05 and positive
z value) for regions B, C, and D, while increasing
insignificantly in region A (p [ 0.05 and positive
z value; table 2). The LHF and SHF are decreasing
and increasing, respectively, at a faster rate in
region D, with an LHF decrease of –0.243 W/m2/
year and a SHF increase of 0.252 W/m2/year.
Furthermore, in region A, the LHF decreased, and
SHF increased at a slower rate, with a decrease of
–0.0316 W/m2/year and an increase of 0.115

W/m2/year, respectively. PET and Tmax depicted
a significant increasing trend (p\0.05 and positive
z value) in all regions (table 2). PET is trending
similarly to SHF and in the opposite direction to
LHF and ET (not shown), increasing west of the
study area due to an increase in surface moisture
deBcits, which supports the temperature increase
caused by a lack of evaporative surfaces (Bgures 4,
5(a–d), and 7). The atmospheric demand for
moisture from the surface is high, so the area
experienced a significant PET increase due to the
increasing Tmax. While PET increased in all
regions, it is faster by 1.44 W/m2/year in region B,
while Tmax is increasing faster by 0.0388�C/year in
region C. High SHF and PET values are observed

Figure 3. Temporal dynamic spatial mapping of land use and land cover (LULC) at region A (a), region B (b), region C (c), and
region D (d) over the eastern escarpment of South Africa, based on 10-yr interval spanning from 1990 to 2020.

  178 Page 10 of 24 J. Earth Syst. Sci.         (2024) 133:178 



in region B (Bgures 4e–h and 5a–d), which can be
attributed to impervious surface dominance and
urban land expansion. This surface lacks moisture
retention capacity, so high values can be observed.
Figure 5(e–h) shows that region B has high Tmax

annual average values ranging from 26� to 28�C,
while region D has the lowest range of values
ranging from 22� to 25�C. Figure 8 also supports
this, showing that the eastern part of the study
area has the highest average temperature while the
western part has the lowest average temperature.
This trend is similar to Tmin (not shown). The
coolest region, as shown by Tmin and Tmax, is
characterized by an abundance of forest land in
comparison to other regions, with high surface soil
moisture observed in the forest but relatively dry
over unforested LULC types. Soil moisture is uti-
lized by plants during photosynthesis and supplied
to the atmosphere as water vapour. Despite being
characterized by low topography, region D still
experienced low warming and increased surface soil
moisture due to forest dominance compared to
other regions. The overall result shows that both
Tmin and Tmax have been increasing steadily since
1979, suggesting that the region is experiencing
warming consistent with global trends. The
increase in surface air temperatures is commensu-
rate with increases in SHF and PET and a corre-
sponding decrease in LHF, in agreement with
Mbokodo et al. (2020). When temperatures rise,
increased ET causes a water vapour shortage,
threatening surface water resources.
Rainfall is the most important meteorological

parameter in South Africa (Chikoore 2005), hav-
ing significant impacts on the environment,
human activities, and rural livelihoods. Table 2
shows that rainfall is characterized by a decreas-
ing (not statistically significant) trend in regions
B, C, and D while increasing (not statistically
significant) in region A. This suggests that regions
B, C, and D are becoming drier over time, while
region A is experiencing increasing rainfall of
about 1.121 mm/year. Region D is drying faster
at a rate of change of about –2.724 mm/year.
Negative rainfall anomalies, which aAected all
regions during the summers of 1983/84, 1993/94,
2002/03, and 2015/16, suggest high vulnerability
to dry spells and droughts. During these drought
periods, SHF, PET, and Tmax observed peaks
while LHF and rainfall were low, with the
2015/16 El Niño season being the most extreme
and intense (Bgures 4–6). Most importantly, all
drought events aAected the climate in region BT
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the most in comparison to other regions due to
the surface cover distributed across the area.
However, during wet spells such as the 1984
tropical cyclones Domoina and Imboa, the 1996
tropical cyclone Bonita, and the 1998/99 La Niña
phase, peaks of LHF and rainfall were observed,
while SHF, PET, and Tmax dropped (Bgures 4–6).
During this period, region D experienced the most
rainfall, recording more than 1100 mm of rainfall
during the summer seasons of 1983/84, 1995/96,
and 1998/99 (Bgure 6d), and this is the eastern
part of the study that receives high rainfall
(Bgure 8f–j).
Overall, results show that SHF has a positive

relationship with PET and an inverse relationship
with LHF (table 2, Bgures 4, 5a–d, and 7), which
can be clearly seen during periods of dry and wet

spells, where inverse Cuctuations in both param-
eters are observed. Areas with forest cover have a
higher LHF than areas with short or little vege-
tation (Bgure 4d and b). As such, LHF is
observed spatially increasing eastward towards
region D (Bgure 7a–e) as it is dominated by
forests, higher than those of region B, charac-
terised by urban centers. Areas with forests tend
to experience low SHF (Ban-Weiss et al. 2011),
as energy partitioning on vegetation cover
favours LHF (Huang et al. 2020). Figure 5(d and
h) also demonstrated that deep forest roots can
supply the atmosphere’s demand for moisture
during periods of significant dry spells. Hence,
the NDII result (not shown) exhibits significant
high surface moisture over forest land and was
less inCuenced by drought extremes.

Figure 4. Long-term time series of monthly and annual latent heat Cux (LHF; a–d) and sensible heat (SHF; e–h) for four regions
(A–D) over the eastern escarpment of South Africa from 1979 to 2020.
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3.4 InCuence of land use and land cover change
on the local boundary layer climate

3.4.1 Hydrometeorological variables, surface
soil moisture, and energy Cux sensitivity
analysis

Figure 9 shows the variable of importance, which
outlines the meteorological variables that are sig-
nificant and have the most inCuence on tempera-
ture and rainfall. The variables are presented in
descending importance from two qualitative mea-
sures produced by the model, which are the
%IncMSE and the IncNodePurity. The higher the
value of %IncMSE or IncNodePurity, the greater
the importance of the variable in the model. The
model shows in Bgure 9 that the variables that
significantly inCuence temperature and rainfall are

PET and LHF in all regions. However, the VI
model also showed a different outcome, as rainfall
in regions A and D was additionally significantly
inCuenced by SHF, while region B was largely
inCuenced by LST (Bgure 9e, f, and h). Changes in
SHF aAect atmospheric stability by modifying
atmospheric radiative cooling and boundary layer
height, resulting in the inCuence of rainfall pro-
cesses (Ban-Weiss et al. 2011; Mahmood et al.
2014).
The VI showed that rainfall in regions A and D

was inCuenced by both SHF and LHF, while in
region B, it was inCuenced by both LHF and LST
due to having two different variables with higher
%IncMSE and IncNodePurity (Bgure 9). There-
fore, correlation analysis of the variables of
importance for rainfall and LHF, SHF, and LST

Figure 5. Long-term time series of monthly and annual potential evapotranspiration (PET; a–d) and the maximum temperature
(Tmax, �C; e–h) for four regions (A–D) over the eastern escarpment of South Africa from 1979 to 2020.
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(not shown) was performed to identify one with a
significant correlation over regions A, B, and D. A
significant correlation was found between rainfall
and all the variables tested as depicted by p-value
\0.05. Furthermore, Pearson R and p-values
showed that a strong positive and significant cor-
relation exists between rainfall and LHF in all the
study regions. SHF and LST correlations with
rainfall showed a significant but weak correlation,
as shown by low Pearson R-values. This suggests
that the increase in LHF inCuences rainfall more in
comparison with SHF and LST in regions A, B,
and D.

3.4.2 Climate sensitivity to LULCC

Table 3 shows a comprehensive summary of the
MLR analysis statistics for six LULC classes using
PET and LHF. This was carried out with PET and
LHF as the most important variables that signifi-
cantly inCuenced temperature and rainfall,
respectively, as informed by VI analysis, and was
thus used to attribute the impact of LULCC. Over
the 31-year period, the MLR results revealed that
the decrease in forests positively inCuenced tem-
perature while also negatively inCuencing rainfall
in region A. This suggests that the alteration of
forest cover has increased surface temperatures and
contributed to rainfall reduction in region A.
Grassland in region B was found to negatively
inCuence rainfall as shown in table 3. The expan-
sion of urban areas has positively inCuenced tem-
perature in regions A, B, and D while negatively

inCuencing rainfall in region B. The impact of
urban growth is more pronounced in region B, as it
has been associated with the reduction of rainfall.
As shown in table 3, bare land had a positive
inCuence on temperature in regions A, C, and D
and a negative inCuence on rainfall in regions A
and C. Cropland has a significant negative inCu-
ence on rainfall in region C (table 3). Water bodies
in regions B and C had a significant negative
inCuence on temperature and a significant positive
inCuence on rainfall in region D.

4. Discussion and conclusion

This study investigated the impact of LULCC on
climate variability and the LULC classes that sig-
nificantly aAected the local boundary layer climate
over eastern South Africa. From 1979 to 2020,
changes in LULC classes were studied using a
cloud-based RF classiBer on the GEE platform. A
critical step in the remote sensing satellite image
classiBcation process involves evaluating the
accuracy of classiBcation results. The accuracy of
thematic maps constructed from multispectral
imagery in this study was determined using an
error or confusion matrix and basic descriptive
statistics. The results clearly show that overall
classiBcation accuracy is satisfactory and correct,
as it exceeds the 80% threshold for strong agree-
ment, indicating that classiBcation and actual
ground classes agree. The MK trend test was used
to detect the direction, magnitude, and statistical
significance of trends of LULC, surface moisture

Figure 6. Long-term time series of monthly and annual rainfall in millimeters (mm) from 1981 to 2020 at region A (a), region B
(b), region C (c), and region D (d) over the eastern escarpment of South Africa.
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and energy Cuxes, and hydrometeorological vari-
ables. The VI identiBed the variables that are
leading contributors to temperature and rainfall
variability, whilst MLR identiBed the LULC class
responsible for significant changes in climate.
Overall, the LULC analysis revealed that there are
significant changes in land surface characteristics
in the study area. This is largely due to develop-
mental activities and population growth, as urban
areas have been subjected to enormous pressure,
resulting in the conversion and transformation of
cropland, grassland, water, forest, and bare land
across all our study regions. Urban expansion is a
major source of concern because it is irreversible
and will have long-term impacts on the environ-
ment and climate, compared to vegetation frag-
mentation, which can be restored.
Results from the temporal and spatial analysis

show variations and changes in surface soil mois-
ture (not shown), energy Cuxes, and hydrometeo-
rological variables such as temperature, PET, and
SHF due to LULCC and climate extremes. Overall,
significant vegetation fragmentation and an
increase in urban and bare land have contributed
to surface moisture alteration leading to increased
LST and SHF, whilst decreasing LHF in all the
regions. SHF and LHF were sensitive to LULCC
mainly due to changes in the albedo, evapotran-
spiration rate, and roughness length of the surface.
The study also found that weather systems such as
tropical cyclones and short-term rainfall variability
can aAect SHF and LHF, as evidenced by observed
Cuctuations during 1987/99, 1995/6, and 2006 wet
spells, as well as during major drought events.
When studied over shorter time periods, such as
daily or monthly time scales, the short-term
impact of energy Cuxes due to short-term climate
variability frequently outweighs the impact of
LULCC. As a result, we focused on the impact of
LULCC on an annual time scale, where the impacts
become apparent and short-term weather events
average out over longer periods.
LULCC alters the patterns of surface air tem-

perature and rainfall (Mahmood et al. 2014). This
study found that areas dominated by forests had
higher precipitation and lower temperatures com-
pared to their urban counterparts, which had
reduced surface moisture and altered PET (in-
creased), LHF (decreased), and SHF (increased).
Rainfall and temperature changes show that the
climate is changing over the area and will
likely alter agriculture, food security, human
health, and the economy (Chikoore 2005). TheT

a
b
le

2
.
M
an

n
–
K
en

da
ll
tr
en

d
te
st

re
su
lt
(Z

an
d
p-
va
lu
e)

an
d
sl
op

e
fo
r
cl
im

at
e
va
ri
ab
le
s.

V
a
ri
a
b
le

R
eg
io
n
A

R
eg
io
n
B

R
eg
io
n
C

R
eg
io
n
D

Z
p
-v
a
lu
e

S
en
’s

sl
o
p
e

Z
p-
v
a
lu
e

S
en
’s

sl
o
p
e

Z
p
-v
a
lu
e

S
en
’s

sl
o
p
e

Z
p
-v
a
lu
e

S
en
’s

sl
o
p
e

L
H
F

–
0
.0
7
2

0
.9
4
2
1

–
0
.0
3
2

–
1
.4
2
7

0
.1
5
4

–
0
.1
1
3

–
1
.4
2
7

0
.1
5
3
5

–
0
.1
6
6

–
1
.7
6
6

0
.0
7
7
.

–
0
.2
4
2

S
H
F

0
.9
4
3

0
.3
4
5
4

0
.1
1
5

2
.0
5
6

0
.0
3
9
*

0
.1
5
7

1
.9
1
1

0
.0
5
5
9
*

0
.2
1
5

2
.1
0
4

0
.0
3
5
*

0
.2
5
1

P
E
T

4
.4
2
1

9
.8
e
–
0
6
*
*
*

1
.4
4
0

4
.4
6
5

8
.0
e
–
0
6
*
*
*

1
.6
1
6

3
.7
9
3

0
.0
0
0
1
*
*
*

0
.9
3
6

4
.0
0
9

6
.1
e
–
0
5
*
*
*

0
.9
3
7

T
m
a
x

4
.4
2
1

9
.8
e
–
0
6
*
*
*

0
.0
3
8

4
.5
1
9

6
.2
e
–
0
6
*
*
*

0
.0
3
8

4
.4
0
0

1
.0
8
–
0
5
*
*
*

0
.0
3
8

4
.1
8
3

2
.8
e
–
0
5
*
*
*

0
.0
2
5

R
a
in
fa
ll

1
.2
9
3

0
.1
9
5
9

1
.1
2
1

–
1
.0
6
0

0
.2
8
9

–
1
.4
4
9

–
0
.5
7
0

0
.5
6
8
1

–
1
.2
4
9

–
0
.4
5
4

0
.6
4
9

–
2
.7
2
4

S
ig
n
if
ic
a
n
ce

co
d
es
:
0
‘*
*
*
’
0
.0
0
1
‘*
*
’
0
.0
1
‘*
’
0
.0
5
‘.
’
0
.1

‘
’
1
.

J. Earth Syst. Sci.         (2024) 133:178 Page 15 of 24   178 



continuous change in LULC is likely to increase the
occurrence and impacts of droughts, heatwaves,
Bre regimes, and Coods (e.g., Mbokodo et al. 2020;

Chikoore et al. 2021; Mashao et al. 2023; Mbokodo
et al. 2023; Singo et al. 2023). Changes in temper-
ature, rainfall, surface soil moisture, and energy

Figure 7. Annual spatial variations of latent heat Cux (LHF) for the years 1981 (a), 1990 (b), 2000 (c), 2010 (d), and 2020 (e);
sensible heat Cux (SHF) for the years 1981 (f), 1990 (g), 2000 (h), 2010 (i), and 2020 (j); and potential evapotranspiration (PET)
during 1981 (k), 1990 (l), 2000 (m), 2010 (n), and 2020 (o) over the eastern escarpment of South Africa. The black box denotes
the four regions of interest.
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Cuxes can be attributed to LULCC, with the
impact of the LULC class varying by latitude.
According to our MLR analysis, grassland and

cropland negatively inCuenced rainfall in regions B
and C, respectively, whereas forest fragmentation
in region A has a positive inCuence on temperature
but a negative impact on rainfall. It is well known

that forest cover increases soil inBltration and
storage capacity by absorbing excess rainwater and
releasing it during dry periods (Abera et al. 2018).
It aids in the capture of moisture to supply the
atmosphere. Cropland, on the other hand, has a
greater evaporative cooling eAect due to irrigation,
which makes water accessible to the boundary

Figure 8. Annual spatial variations of maximum temperature (Tmax, �C) for the periods 1979 (a), 1990 (b), 2000 (c), 2010 (d),
and 2020 (e), and rainfall during 1981 (f), 1990 (g), 2000 (h), 2010 (i) and 2020 (j) over the eastern escarpment of South Africa.
The black box denotes the four regions of interest.
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Figure 9. Mean decrease accuracy (%IncMSE) and mean decrease gini (IncNodePurity) of attributes as assigned by the random
forest (RF) for maximum temperature (Tmax) at region A (a), region B (b), region C (c), region D (d), and rainfall at region A
(e), region B (f), region C (g), and region D (h).
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layer climate (Boisier et al. 2012). As a result,
cropland and forest fragmentation significantly
impact the climate due to changes in surface
roughness which directly enhance SHF during
energy partitioning while decreasing low clouds
associated with reduced evaporation (Ban-Weiss
et al. 2011). We found that bare land positively
inCuenced temperature in regions A, C, and D
whilst negatively inCuencing rainfall in regions A
and C, whereas urban land negatively inCuenced
temperature in regions A, B, and D, as well as
rainfall in region B. The urban area coverage in
regions A and D is small compared to that in
region B, but its importance to climate warming
and variability was fundamental in this study.
Zhou et al. (2016) reached a similar conclusion,
indicating that while urban cover accounts for a
small portion of global land cover, its impact on
local, regional, and global warming is significant.
The impact of urban and bare land is mainly due

to lower albedo, high heat absorption, and severe
surface moisture deBcits (Peña 2009; Tarawally
et al. 2018; Meer and Mishra 2020). Regardless of
the previous LULC type, urban land expansion
warms the climate and decreases rainfall (Huang
et al. 2020). This is because urban areas have a
lower sky-view factor, less heat removal through
wind, and the ability to store a significant amount
of energy absorbed by walls and buildings (Mush-
ore et al. 2018), all of which aAect the local
boundary layer climate. Furthermore, urban land
can alter wind patterns, aAecting the transport of
moisture and heat and potentially disrupting the
atmospheric circulation pattern. Moreover, water
bodies negatively inCuenced temperature in regions
B and C while having a positive inCuence on
rainfall in region D. According to the study, local
factors (lake breezes) in the vicinity of water bod-
ies may have led to moderate temperatures while
enhancing precipitation, regulating and reducing

climate impact. This may be due to the fact that
water bodies add moisture to the atmosphere,
which aids in energy partitioning to favour LHF
over SHF (Mushore et al. 2018), lowering temper-
atures and increasing cloud and rainfall formation
(Meer and Mishra 2020). Thus, water bodies can be
used to cool the climate during this vulnerable
period and in urban settings, especially in the
future, where climate extremes are expected to
intensify (Mbokodo et al. 2020; IPCC 2021).
This study provides an important demonstration

of LULCC and its inCuence on climate variability
and change in South Africa. The study area’s vul-
nerability to climate extremes will increase as the
population grows in the future, resulting in more
substantial LULCC. It demonstrates the impor-
tance of understanding the impact of LULCC on the
climate to develop eAective and appropriate plans
and strategies for mitigating the impacts of climate
change.We have provided some evidence to support
understanding land–atmosphere interactions in a
semi-arid climate and a region of complex topogra-
phy, rapid population growth, and urban expansion.
Vegetation cover can be used to reduce the

severity of heatwaves, droughts, and Cooding by
mitigating local warming, increasing precipitation,
and reducing surface runoA (Abera et al. 2018).
The impact of vegetation fragmentation and
decline on climate in this study shows that it can be
used as a mitigation strategy in this area. This
necessitates more research and attention at differ-
ent locations for resilience to climate change, as the
impact of LULCC on the climate can be equivalent
to, or even double or greater than, that of CO2, and
it varies per region (Mahmood et al. 2014). This
necessitates prioritizing LULCC as a primary
concern when assessing climate change, implying
that more research is required.
The inCuence of short-lived boundary layer

clouds on surface layer parameters is immediate

Table 3. The output of the multiple linear regression (MLR) model over eastern South Africa with PET and LHF as a dependent
variable and LULC classes as independent variables.

LULC

Region A Region B Region C Region D

PET LHF PET LHF PET LHF PET LHF

Water –0.56*** –0.52 –0.0001*** 0.13 –0.05. –0.11 0.42 0.08.

Bare land 2.54 3 10–06 *** –0.0002* 0.156 –0.93 0.042* –0.02* 0.02* –0.39

Urban 3.70 3 10–11* –0.13 3.22 3 10–07*** –0.039* 0.189 0.38 6.76 3 10–07*** –0.56

Forest 0.044* –0.03* �0.90 0.13 –0.94 0.99 –0.54 –0.32

Cropland 0.58 –0.27 0.11 –0.47 –0.16 –0.028* 0.604 –0.70

Grassland NA NA 0.23 –0.05. NA NA NA NA

Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1.
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and well-established. However, their impact on
climate, which operates at vastly different time-
scales, remains comparatively unclear and is an
active area of research. As a result, future studies
need to address these limitations by modelling the
impacts of cloud cover on the boundary layer cli-
mate and separating it from the impact of LULCC.
This will further our understanding of the complex
relationship between LULCC and boundary layer
climate, which is very crucial in the climate
system.
Overall, this study demonstrated that machine

learning and the GEE platform are capable of
mapping and analyzing large amounts of spa-
tiotemporal data while producing high-quality and
accurate results. The methodology used in this
study can be expanded upon together with the use
of climate models to better understand the
dynamics of LULCC, boundary-layer climate, and
climate variability and change in South Africa. A
physics-based climate model sensitivity study
might reveal interesting insights, whilst the bene-
Bts of artiBcial intelligence can also be explored in
future research. Future projections of LULCC in
South Africa and its impacts on climate and the
environment are critical, as is the inCuence of the
future climate on the land surface. This will aid
policy development by taking LULCC plans into
account when addressing climate variability and
change mitigation in South Africa.
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