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Abstract: Changes in land use and land cover over space and time are an indication of biophysical,
socio-economic, and political dynamics. In rural communities, land-based livelihood strategies such
as agriculture are crucial for sustaining livelihoods in terms of food provision and as a source of
local employment and income. In recent years, African studies have documented an overall decline
in the extent of small-scale crop farming, with many crop fields left abandoned. This study uses
rural areas in three former apartheid homelands in South Africa as a case study to quantify patterns
and trends in the overall land cover change and small-scale agricultural lands related to changes
in climate over a 38-year period. Random forest classification was applied on the Landsat imagery
to detect land use and land cover change, achieving an overall accuracy of above 80%. Rainfall
and temperature anomalies, as well as the Standardized Precipitation Evapotranspiration Index
(SPEI) were used as climate proxies to assess the influence of climate variability on crop farming,
as the systems investigated rely completely on rainfall. Agricultural land declined from 107.5 km2

to 49.5 km2 in Umhlabuyalingana; 54 km2 to 1.6 km2 in Joe Morolong; and 254.6 km2 to 7.4 km2

in Mangaung between 1984 and 2022. Declines in cropland cover, precipitation, and the SPEI were
highly correlated. We argue that climatic variability influences crop farming activities; however, this
could be one factor in a suite of drivers that interact together to influence the cropping practices in
rural areas.

Keywords: agricultural land; former homelands; intensity analysis; rainfall anomaly; random forest
classification; Standardized Precipitation Evapotranspiration Index

1. Introduction

Biophysical, socio-economic, and political dynamics result in changes in land use and
land cover over space and time. Small-scale farming practices such as crop and livestock
farming are vulnerable to climate change, and this may lead to reduced involvement by
many households in developing countries [1]. There are various factors that are linked to
the observed trend of declining subsistence farming ranging from climatic [1,2] to socio-
economic drivers [3,4]. The role of climate change in affecting livelihood strategies cannot
be ignored, especially when global temperatures are expected to increase by ±1.5 ◦C in the
future [5], and even higher in parts of Sub-Saharan Africa [6]. Increased temperature also
results in a shift in the phenological stages of the crops, leading to changes in crop harvest-
ing and planting seasons. Coupled with increased temperatures are extreme events such as
droughts, usually estimated using the Standardized Precipitation Evapotranspiration Index
(SPEI) [7,8], which negatively affect both crops and livestock farming. Studies have shown
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that changes in climatic variables such as temperature and rainfall lead to reduced crop
production and quality, while increasing pests and diseases among crops [2] and livestock.
Increases in crop pests and diseases threaten global food security, as the distribution of the
pests can expand to other areas where the species were not initially present [2], leading to
reduced commercial crop and livestock production. Despite its major role in small-scale
farming, the magnitude of the effects of climate change are still poorly understood [1,2].

The effects of climate change on livelihood strategies are apparent at the local scale
(community level), where crop calendars are disrupted, harvests are destroyed, and soil
erosion is increased [2,9]. Climate change also leads to a conflict of interest over limited
resources [10], and increasing risk to vulnerable communities that use subsistence farming
to diversify their livelihood strategies in times of need. Rural communities are the most
vulnerable as they tend to have no mitigating or adaptive strategies in place to cope with
climate change impacts. Often, these areas are found in developing countries where other
non-climatic factors such as socio-economic factors play a role in the livelihood strategies
of the local communities [11–13].

Socio-economic factors are human-oriented and include population numbers, literacy
(i.e., level of education), household size and wealth, employment, gender, and age [14].
Coupled with political dynamics such as changing leadership, socio-economic factors can
influence land use change, particularly small-scale agriculture. Increased job opportunities
in cities, governmental initiatives, and the lack of links between small-scale farmers and the
markets [15] lead to a shift to off-farm activities in rural areas. Moreover, in some developing
countries such as South Africa, the youth does not express interest in an agrarian lifestyle as
a result of an improved education system and acquiring higher technical skills [3]. Refined
conceptual frameworks are needed to improve the understanding of these systems to
develop and integrate small-scale agricultural systems into the commercial market so that
smallholder farmers can generate an income while using their products for subsistence
purposes. This is important in rural areas where small-scale agriculture can form an integral
part in diversifying household livelihood strategies.

Quantifying land use and land cover change becomes increasingly important in
rural landscapes where biophysical (e.g., climate) and socio-economic factors have the
potential to negatively affect the livelihoods of the local people. Remote sensing provides
an opportunity to quantify land use and land cover change over broad and local scales.
Remotely sensed data have been used in a wide range of ecological studies such as change
detection (e.g., urban expansion), land cover and vegetation mapping, and environmental
monitoring [16]. Remote sensing has also been used to map the extent of agricultural
areas and predict future trends around the world [17]; however, mapping the spatial
changes of small-scale crop farming is important as the changes may have implications for
understanding the resilience of households and rural systems as a whole under climate
change. The availability of free long-term remotely sensed data allows researchers to
quantify land use and land cover change in rural communities and its drivers, an area that
requires more research given that the drivers of land use and land cover change may differ
based on the scale at which the analysis is performed.

Various studies in South Africa have assessed changes in land use and land cover
over time, and their drivers [18,19]. These studies highlight the importance of human
influence on land use change over time, particularly with the development of settlement
and mines. Jewitt et al. [18] further highlighted the implications of land use change on
biodiversity, while Mogonong et al. [19] demonstrated insights into socio-economic and
political influence on land cover change in rural landscapes. When paying attention to
agricultural land change, studies in South Africa have mainly focused on the perceptions
of local people as to what could be driving the change [3]; however, the exploration of
climate variability’s influence on these changes using empirical data is not reported in the
literature, making the contribution of our study important.

This study quantified the patterns and trends in land use and land cover change and
its drivers, focusing on climatic factors, in marginalized rural landscapes in a developing



Remote Sens. 2024, 16, 1200 3 of 27

country. We investigated the overall trends in the spatio-temporal change of all land cover
categories found in the landscapes, using three South African rural villages as a case study
over a 38-year period. We further gave more focus to the influence of climate variability on
agricultural land cover change as there is a notion of cropland abandonment in rural South
Africa. South Africa’s radical change in political dispensation during the study period
provides an opportunity for assessing changes in small-scale agricultural land use over
time where climate variability could negatively impact local people’s engagement in crop
farming practices. The information obtained from this study contributes towards growing
knowledge of the understanding of the drivers of the on-going deagrarianization in rural
areas under climate variability, which is a topical area of research that requires more studies
in Southern Africa. An improved understanding of the influence of climate variability on
deagrarianization is crucial for sustainable livelihoods and the management of livelihood
strategies in rural areas, while informing policies on measures that may be taken to address
small-scale agricultural challenges.

2. Materials and Methods
2.1. Study Area

The study was conducted across three local municipalities (Umhlabuyalingana, Joe
Morolong, and Mangaung) found in three provinces in South Africa (i.e., KwaZulu-Natal,
Free State, and Northern Cape provinces) (Figure 1). The municipalities were selected
based on two fundamental criteria: (i) the area is situated in a communal/former homeland
area and (ii) there are small-scale subsistence farms/farmers, providing an opportunity to
assess land use and land cover change in marginalized landscapes where small-scale and
subsistence farming exist. Broadly, the case study areas were also chosen across rainfall,
soil, vegetation, and agro-ecological potential gradients, allowing an opportunity to study
the relationship between land cover change and biophysical factors. All case study areas
consist of rain-fed and groundwater small-scale farming systems, and changes in rainfall
amount have implications on the yield and growth of the crops planted. Furthermore,
the study area is situated in areas with a varying topography and different vegetation
types, dominated by Grassland, mixed Nama-Karoo, and pockets of Savanna [20]. The
selected local municipalities consist of rural areas with residents from different cultural
backgrounds and political histories. Moreover, a portion of each study area is within the
boundaries of former apartheid homelands (i.e., KwaZulu and Bophuthatswana). The
common farming activities in these areas include livestock farming of cattle, goats, and
sheep and crop farming of maize, beans, and other vegetables.

Rural areas in South Africa occur in both former apartheid homelands and non-
homeland areas. Former homelands comprise 13% of South Africa’s land area and have a
high population density, with activities such as small-scale agricultural practices for subsis-
tence purposes forming part of their livelihood strategies [21–23]. Former homelands (also
known as Bantustans) were a result of the apartheid government’s 1951 Bantu Authorities
Act, which saw South Africa being divided into ten ethnically defined homelands, namely
Transkei, Bophuthatswana, Venda, Ciskei, Gazunkulu, Lebowa, QwaQwa, KaNgwana,
KwaNdebele, and KwaZulu [23]. Although these designations were changed after the
transition to democracy in 1994, the legacy is still seen in the landscapes today with poorly
performing local municipalities, high-density living conditions, and high natural resource
extraction for subsistence use [21,22,24]. Studies in rural areas found in former homelands
in South Africa have indicated that smallholder farmers stop farming due to low produc-
tion yields related to poor soil fertility and drought impacts [3], while other studies have
recorded a shift away from land-based livelihood strategies as sources of income [25].

Our case study areas were selected because they provide an opportunity to assess
small-scale crop farming over time in areas that were previously marginalized and relied
on subsistence farming to sustain their livelihoods. Understanding the influence of climate
variability on land use and land cover change is important for areas that are reliant on
subsistence farming as the future climate is predicted to be harsh, and therefore, in order to
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have improved mitigation strategies for these communities, we need to understand the past
and current influences. The farming practices in these landscapes are rain-fed, and extreme
climatic events such as drought and flooding influence the patterns of farming practice.
The Umhlabuyalingana landscape (KwaZulu) is predominantly located on nutrient-poor
sandy soils, and thus, farming practices are concentrated in wetlands. Other land uses
in the landscape include plantation forest activities, which are governed by the tribal
authorities. The landscape in the Mangaung and Joe Morolong areas are found in the
former Bophuthatswana. In Joe Morolong, the landscape is drier, and subsistence farming
practices are concentrated in the eastern side of the landscape. In Mangaung, agriculture is
widespread, with a high domination of large commercial farms.
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2.2. Data Acquisition and Processing
2.2.1. Land Cover Data

Landsat data were used to derive land use and land cover (LULC) maps. Landsat im-
agery is widely and successfully used for many LULC change studies across the world. The
moderate resolution (30 m) of the Landsat imagery necessitates the use of high-resolution
imagery such as Google Earth and aerial photographs to generate training data for the
classifier, as well as for validating the model. Using high-resolution imagery for training
the classifier improves the performance of Landsat imagery in depicting various land
cover types including small-scale croplands. The assessment of the LULC was conducted
over the period between 1984 and 2022 to capture crop abandonment rather than field
deactivation/activation, which is common in small-scale farming. The time frame selected
was limited to the availability of Landsat imagery with fewer distortions such as line scans
and high cloud cover. We were able to extract a 38-year period worth of data in which both
pre- and post-apartheid era landscape patterns were captured by the imagery. The 38-year
period was divided into five observational years (i.e., 1984, 1994, 2004, 2014, and 2022) with
a ten-year gap between the analysis years, except for the recent observation period (i.e.,
between 2014 and 2022).
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Processing of the remotely sensed data was performed in Google Earth Engine (GEE)
following step 1 of the workflow in Figure 2. Google Earth Engine is a cloud-based platform
that processes satellite imagery and other Earth observation and spatial data [26]. The
GEE platform has a large number of datasets (including Landsat) readily available for
use without having to download the images onto a hard drive, allowing users to conduct
large-scale image processing, which normally requires higher computation power. The
images are already rectified for radiometric and atmospheric distortions, and cloud-free
images were used for classification; in a few special cases, cloud masking was applied to
distorted pixels. A random forest (RF) classifier was used to classify LULC, and a total of
10 classes were categorized (Table 1). The random forest classifier performs better for image
classification due to its robustness in discriminating pixel groupings, resulting in high
classification accuracies [27]. Further image processing post-classification (such as fine-
tuning) was performed in ArcMap 10.6. Image processing post-classification is important
as it allows reclassification of the pixels that are incorrectly classified by applying expert
knowledge of the landscape.
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Table 1. Land cover categories used for image classification in case study municipalities, South Africa.

Land Cover Category Description

Waterbody Surfaces covered by water such as rivers, lakes, and dams.

Agriculture Areas that are actively cultivated, largely for subsistence purposes.

Built up Urban and rural areas covered by man-made features such as
buildings, representing human settlement.

Woody vegetation Areas covered by natural or secondary woody vegetation such as
woodlands and shrubland.

Grasslands Areas that are covered by natural grasslands.

Bare ground Areas of exposed soil, usually showing signs of erosion.

Pan Dry flat areas covered by soil with a high salt concentration and
temporarily inundated by water.

Plantation Areas covered by planted trees, usually for commercial purposes.

Fallow Areas that were previously farmed and are now covered by either
secondary grasslands or woody vegetation.

Rock Areas that are rocky and not covered by vegetation.

Other Areas covered by other land cover classes such as roads and railways.
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2.2.2. Climate Data

Climate data were obtained from the South African Weather Services (SAWS). The
data contained daily rainfall (mm), as well as the minimum and maximum temperature
(◦C). The data were further converted into monthly and yearly rainfall and temperature
to make the analysis easier. Data wrangling was performed to ensure that the data were
consistent and accurate. The stations where the data were obtained are at the following
locations: Maputaland (27.39◦S, 32.18◦E); Joe Morolong (27.47◦S, 23.45◦E; 27.43◦S, 23.43◦E);
and Mangaung (29.1◦S, 26.3◦E).

2.3. Method
2.3.1. Land Cover Analysis

Land cover maps were produced using ArcMap 10.6 to demonstrate which land cover
category was dominant in each landscape and time period, while showing how they
changed through space and time. Trends of each land cover category were then analyzed
by calculating the total area (km2) covered by each land cover category for each observation
year. The total area of each land cover category was calculated by summing the area of
individual patches belonging to a particular land cover category.

Land cover change was analyzed using the intensity analysis package in the R statisti-
cal software v 4.2.2. Intensity analysis is an open-source tool that is used for analyzing time
series of land use and land cover change. The package can assess changes in land cover for
data with both regular and irregular observation time intervals. Furthermore, the package
computes a complete intensity analysis following the methods of Aldwaik and Pontius, [28].
The methods compute the rate of land cover change at three levels: (i) interval level: the
overall size and annual rate of change in the landscape in each interval, classifying the rate
as fast or slow against a uniform rate of change; (ii) categorical level: the overall size and
intensity changes of gross gain and loss per land cover category, classifying the rate of gain
or loss as active or dormant against a uniform rate of change; (iii) transitional level: the
nature or pattern of size and intensity change per land cover category against the other
land cover categories, classified as targeted or avoided compared to the uniform intensity
if transitions were distributed uniformly [28].

2.3.2. Rainfall and Temperature

Rainfall and temperature data were analyzed in the R statistical software v 4.2.2,
with mean temperature and total precipitation visualized graphically. Rainfall and tem-
perature anomalies were used to indicate rainfall and temperature trends per annum
compared to the overall mean of the study period. Anomalies were computed following
Equations (1) and (2) for each year. A generalized linear model was used to perform trend
analysis to determine the slope (change over time) and the significance of the trend.

Rainfall anomaly (mm) = XR − NR (1)

where XR is the total annual rainfall and NR is the mean rainfall for the entire study period.

Temperature anomaly (◦C) = Xtmax − Nt (2)

where Xtmax is the mean maximum temperature and Nt is the mean temperature for the
entire study period.

2.3.3. Drought

A drought proxy in the form of the Standardized Precipitation Evapotranspiration
Index (SPEI) was used to quantify drought conditions and severity. The procedure to
calculate the SPEI is similar to that of calculating the Standard Precipitation Index (SPI);
however, the advantage of the SPEI is that it takes into account temperature variability [29].
The SPEI was developed through a combination of the Palmer Drought Severity Index
(PDSI) and the multi-temporal ability of the SPI [30]. Standardized Precipitation Evapotran-
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spiration Index calculations usually follow two methods, the Penman–Monteith [31] and
the Thornthwaite [32]. For this study, the Thornthwaite equation was applied to compute
the SPEI calculation because it is proven to show lower inter-annual variability compared
to Penman’s method [33]. The SPEI was calculated at a time scale of 12, using a ‘rectangular’
kernel type, with 0 shift. The data were fit to a log-logistic distribution using the unbi-
ased Probability-Weighted Moments (ub-pwm) parameter-fitting method. The SPEI has
high fluctuations in short periods; however, these decrease as the time scale increases [8].
Because we were interested in annual changes over a 38-year period, an SPEI-12, which
represents an annual drought analysis, was used. The SPEI was computed using climatic
water balance, which is calculated by subtracting the potential evapotranspiration from the
total rainfall. The SPEI values ranged between −2 and 2 with small values indicating the
extent of dryness (droughts), while large values indicate the extent of wetness (Table 2).
The SPEI was computed using the SPEI package (v1.8.0) [29] in R v 4.2.

Table 2. Standardized Precipitation Evapotranspiration Index (SPEI) categories, adopted from
Vicente-Serrano et al. [29].

SPEI Values Moisture Category

2 and above Extremely wet
1.5 to 1.99 Very wet
1 to 1.49 Moderately wet
−0.99 to 0.99 Near normal
−1 to −1.49 Moderately dry
−1.50 to −1.99 Severely dry
−2 and less Extremely dry

2.3.4. Climate Variability Influence on Agricultural Land Cover

A generalized linear model (GLM) was used to unpack which of the climatic variables
had a greater influence on the agricultural land cover patterns and the trend of change.
Rainfall anomaly (mm), temperature anomaly (◦C), and the SPEI were used as factors that
could influence agricultural land change. The GLM model followed Equation (3), whereby
agriculture land cover was the response variable to changes in climate factors. A Poisson
regression family was used during the computation of the GLM because the nature of the
agricultural land data is categorical (i.e., similar to counts). GLMs for each case study area
were computed using the stats package in the R statistical software v 4.2.2.

GLM = cropland area ~ RA + SPEI + MTA (3)

whereby cropland area is the area covered by cropland in km2, RA is the rainfall anomaly,
SPEI is the Standardized Precipitation Evapotranspiration Index, and MTA is the maximum
temperature anomaly.

3. Results

We assessed land use and land cover change over a period of 38 years in three local
municipalities in South Africa. Our results demonstrated trends of declining grassland
and agricultural land, while built up and woody vegetation have notably increased during
the study period. The rate of intensity of change in the landscape varied across sites,
with recent times being faster in Umhlabuyalingana and Joe Morolong areas. We fur-
ther used agricultural land cover to demonstrate the influence of climate variability on
land use change in rural landscapes, and the results indicated varying rainfall anomalies,
characterized by below-normal rainfall and a reduced SPEI, indicating increased dryness.
Furthermore, maximum temperatures were above normal at all three sites, particularly
in the last two decades. The generalized linear models indicated that agricultural land
change is significantly influenced by below-normal rainfall and increased dryness, while
above-normal temperatures seemed to be more influential in the Joe Morolong landscape.
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3.1. Land Cover Change Trends

The patterns of land cover change were similar in all three case study areas, whereby
all the landscapes were characterized by the dominance of natural vegetation (Figures 3–5).
Man-made land cover types such as built up and plantation were notably increasing in
the Umhlabuyalingana landscape. In the Mangaung landscape, agricultural land was the
notable change over time, with patches of this class changing to fallow.
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Grassland was the dominant cover at all three sites; however, it showed a declining
trend over the study period (Figure 6a–c). Another common trend across the three sites
was the substantial overall decline in the area covered by active agricultural land, while
the area covered by fallow land increased. In Umhlabuyalingana, agricultural land area
decreased from 107.5 km2 in 1984 to 49.5 km2 in 2022 (Figure 6a). In the Joe Morolong
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area, agricultural land area decreased from 54 km2 in 1984 to 1.6 km2 in 2022 (Figure 6b).
In Mangaung, agricultural land area decreased from 254.6 km2 in 1984 to 7.1 km2 in 2022
(Figure 6c). Grassland remained the dominant land cover, although having declined,
while there was a substantial increase in built up, woody vegetation, and plantation in
Umhlabuyalingana over time (Figure 6a). The landscapes in Joe Morolong (Figure 6b) and
Mangaung (Figure 6c) saw a gradual decline in grassland and a considerable decline in
agricultural land (in Mangaung specifically).
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3.2. Rate and Pattern of Land Cover Change
3.2.1. Interval Level

The rate of land cover change was variable at all three sites. In Umhlabuyalingana,
the rate of change was fast (compared to the uniform rate of 3.6% per annum) in all
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the observation periods except for the period between 1994 and 2004 (Figure 7a). In Joe
Morolong, the rate of change was slow (compared to the uniform rate of 3.5% per annum)
in all the observation periods except for the period between 2014 and 2022 (Figure 7b). The
landscape in the Mangaung area experienced a fast rate of change compared to the uniform
rate of 1.4% per annum in the first two observation periods and a slow rate of change in the
last two decades (Figure 7c).
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Figure 7. Annual change area for former homeland areas found in (a) Umhlabuyalingana, (b) Joe
Morolong, and (c) Mangaung local municipalities, South Africa. The dashed line in the graphs shows
the uniform rate of change, and if the bar falls left of the line, the change is slow, while if the bar is to
the right of the line, the change is fast.
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3.2.2. Category Level

The nature of the change for each land cover category in the former homeland area
in Umhlabuyalingana was characterized by active gains of fallow (in the first three time
intervals), woody vegetation (two time periods), and built up areas (all time intervals).
Grassland was characterized by active loss intensity during the analysis period, except for
the 2004–2014 time interval, where it gained actively (Figure 8). Agriculture was dynamic,
and this category showed active gain and loss; however, the loss intensity was greater than
the gain, particularly between 1994–2004 and 2014–2022 (Figure 8b,d).
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Figure 8. Annual change intensity per category for (a) 1984–1994, (b) 1994–2004, (c) 2004–2014,
and (d) 2014–2022 in the former homeland area found in Umhlabuyalingana local municipality,
KwaZulu-Natal, South Africa. The dashed line in the graphs shows the uniform intensity, and if the
bar falls left of the line, the intensity is dormant, while if the bar is to the right of the line, the intensity
is active.

The former homeland area in the Joe Morolong area was characterized by dormant
loss and gain of grassland, while exhibiting soil and water dynamics (i.e., existence of pans).
Built up and woody vegetation gain intensities were active; however, woody vegetation
also experienced active loss during the process (Figure 9). Agriculture was characterized
by active loss intensity, which was greater than the gain, except for 1984 to 1994 (Figure 9a).

The former homeland area in Mangaung was characterized by dormant loss and gain
intensity of grassland, while woody vegetation showed an active gain and loss for all the
time intervals (Figure 10). Built up areas showed active gain for the first three time intervals,
while from 2014–2022, the gain was not active (Figure 10d). Agriculture loss intensity was
active and greater than the gain intensity (Figure 10).
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South Africa. The dashed line in the graphs shows the uniform intensity, and if the bar falls left of the
line, the intensity is dormant, while if the bar is to the right of the line, the intensity is active.
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Figure 10. Annual change intensity per category for (a) 1984–1994, (b) 1994–2004, (c) 2004–2014, and
(d) 2014–2022 in the former homeland area found in Mangaung local municipality, Free State, South
Africa. The dashed line in the graphs shows the uniform intensity, and if the bar falls left of the line,
the intensity is dormant, while if the bar is to the right of the line, the intensity is active.

3.2.3. Transitional Level

For the transition level, we interrogated the nature of agriculture change to assess
which land cover category replaced agricultural land. The pattern of change was character-
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ized by agricultural land transitioning to fallow lands at all three sites. The rate at which
the transition from agricultural to fallow land was occurring was faster than the uniform
rate in all three landscapes (Figures 11–13).
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Figure 11. Annual change intensity of fallow gain against the other land cover categories in the
landscape for (a) 1984–1994, (b) 1994–2004, (c) 2004–2014, and (d) 2014–2022 in the former homeland
area found in Umhlabuyalingana local municipality, KwaZulu-Natal province, South Africa. The
dashed line in the graphs shows the uniform intensity, and if the bar falls left of the line, the land
cover is avoided, while if the bar is to the right of the line, the land cover is targeted.
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Figure 12. Annual change intensity of fallow gain against the other land cover categories in the
landscape for (a) 1984–1994, (b) 1994–2004, (c) 2004–2014, and (d) 2014–2022 in the former homeland
area found in Joe Morolong local municipality, Northern Cape province, South Africa. The dashed
line in the graphs shows the uniform intensity, and if the bar falls left of the line, the land cover is
avoided, while if the bar is to the right of the line, the land cover is targeted.
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Figure 13. Annual change intensity of fallow gain against the other land cover categories in the
landscape for (a) 1984–1994, (b) 1994–2004, (c) 2004–2014, and (d) 2014–2022 in the former homeland
area found in Mangaung local municipality, Free State province, South Africa. The dashed line in
the graphs shows the uniform intensity, and if the bar falls left of the line, the land cover is avoided,
while if the bar is to the right of the line, the land cover is targeted.

3.3. Rainfall and Temperature Anomalies

The annual rainfall anomaly was variable across the three sites. In the Umhlabuyalin-
gana area, rainfall anomalies indicated that the last decade of the observation period
received below-normal annual rainfall (Figure 14a), with a decrease of 0.02 mm/year
(Appendix A: Figure A1). In the Joe Morolong area, rainfall was slightly above normal in
the last decade of the observation period (Figure 14b); however, there was no significant
change in the trend of the annual rainfall amount (Appendix A: Figure A2). In Man-
gaung, the last decade predominately received below-normal rainfall (Figure 14c), with no
significant trend in rainfall change annually (Appendix A: Figure A3).

The maximum temperature indicated a similar pattern across the three sites, whereby
the last decade of the observation period was warmer than average over the study period.
The change in temperature has seen an increase of 0.04 ◦C per annum in Umhlabuyalingana
(Figure 15a), 0.04 ◦C per annum in Joe Morolong (Figure 15b), and 0.03 ◦C per annum in
Mangaung (Figure 15c). The trends were significantly increasing at all three sites, ranging
between 0.3 ◦C and 0.6 ◦C per decade (Appendix A: Figures A4–A6).

3.4. Standardized Precipitation Evapotranspiration Index (SPEI)

The Standardized Precipitation Evapotranspiration Index (SPEI) showed extended
and frequent dry periods since 2002 in the Umhlabuyalingana area (Figure 16a). In the Joe
Morolong area, dry periods were observed between 2002 and 2019, with improvements
in wetness observed from 2020 to 2022 (Figure 16b). In the Mangaung area, wet and dry
periods were irregular; however, a drought period was observed from 2012 until 2019
(Figure 16c).
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(c) Mangaung station. Blue bars on the graph indicate below average maximum temperature, while
red bars indicate above average maximum temperature against the mean maximum temperature for
the entire study period.
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3.5. Climate Variability Influence on Agricultural Land Change

The relationship between the change in agricultural land varied across sites; however,
the SPEI was observed to be a significant variable influencing the reduction of the area
utilized for agriculture (Table 3). In Umhlabuyalingana, all three climatic variables had a
significant influence on agricultural land change (p < 0.05). In Joe Morolong, the rainfall
anomaly did not have a strong influence on agricultural change (p > 0.05) and the maximum
temperature anomaly, while the SPEI was shown to have a stronger significance (p < 0.05).
In the Mangaung area, the rainfall anomaly and SPEI had an equally strong influence on
agricultural land change over the study period (p < 0.05).

Table 3. Statistical outputs from the generalized linear models for the change in agricultural land in
the three case study areas. SPEI = Standardized Precipitation Evapotranspiration Index.

Case Study Area Variable Estimates Std. Error z-Value p-Value

Umhlabuyalingana Rainfall anomaly 0.01 0.001 7.05 <0.001
SPEI −3.08 0.39 −7.84 <0.001
Maximum temperature anomaly 0.53 0.18 2.89 0.004

Joe Morolong Rainfall anomaly 0.01 0.004 1.59 0.11
SPEI −3.46 1.52 −2.27 0.02
Maximum temperature anomaly −3.74 1.22 −3.07 0.002

Mangaung Rainfall anomaly −0.01 0.001 −16.98 <0.001
SPEI 1.56 0.22 7.10 <0.001
Maximum temperature anomaly 0.23 0.37 0.62 0.54
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4. Discussion
4.1. Agricultural Land Change and Climate Variability

Areas utilized for agriculture declined over the study period in all the three case study
areas (Umhlabuyalingana 58 km2, Joe Morolong 52.4 km2, and Mangaung 247.2 km2).
The areas were replaced by fallow lands, indicating field deactivation. Agricultural land
abandonment is a common practice in former homeland areas, and the literature has shown
this trend in various parts of the country [3]. Shackleton et al. [34] showed that many
households shifted to having gardens rather than owning large plots for crop farming,
implying a change in farming strategy, which may help cope with extreme climate events
such as drought. Ragie et al. [25] indicated that households in rural areas in Bushbuck-
ridge, Mpumalanga province, South Africa, are shifting away from land-based livelihood
strategies as a source of income, indicating that farming was becoming a less important
livelihood strategy for rural households, resulting in the abandonment of croplands. Al-
though our results showed a decline in large plots of agricultural land, we cannot know
whether people are farming in small gardens or not as the resolution of the Landsat satellite
imagery used is 30 m. The limitation of the medium resolution from Landsat propels future
studies to use higher resolution imagery such as aerial photographs and Sentinel datasets
to attempt small-scale crop mapping.

The rate of cropland loss was generally active for all three case study areas, indicating
that the conversion rate is higher than the uniform rate of change. The results of the
intensity analysis showed that agricultural land transitioned to fallow lands. Allowing a
crop field to lie fallow is a common practice to allow the soil to recover nutrients; however,
this change could also indicate land abandonment, where farmers are no longer using the
field for crop farming purposes. In the case of land abandonment, natural vegetation tends
to colonize these previously farmed areas.

The drivers of cropland abandonment are seemingly complex to quantify, mainly
since the relationship between the patterns of cropland change and its drivers is non-
linear; however, the decline in cropland in our study coincides with periods of extended
and frequent dry conditions (i.e., decline in rainfall and increase in drought events). The
generalized linear model indicated a strong correlation between cropland decline and the
rainfall anomaly, maximum temperature anomaly, and SPEI in Umhlabuyalingana (p < 0.05),
while in Joe Morolong, only the SPEI and maximum temperature anomaly were strong
influencers of cropland change (p < 0.05). For the Mangaung area, the rainfall anomaly
and SPEI had a significant influence on cropland change (p < 0.05). A study by Zaveri
et al. [35] showed that cropland area increased during dry rainfall anomalies, accounting
for approximately 9% of the global increase in cropland over the past two decades. These
results are at a global scale, while our results are at a local scale, indicating that local
and regional climate becomes important for understanding changes in land use and land
cover, particularly agricultural changes. Our correlation results from the generalized linear
models showed that the rainfall anomaly was significantly correlated with agricultural land
change in high-rainfall areas (i.e., Umhlabuyalingana and Mangaung), with below-normal
rainfall periods leading to reduced agricultural practices in recent times. In areas where
rainfall is low (i.e., Joe Morolong), the maximum temperature also played a significant role
in determining cropland farming change.

Although this study showed signs of the influence of climate variability on agricultural
land change, we argue that the patterns and trends of agricultural change are potentially
driven by a combination of multiple drivers including climate, socio-economic, and political
factors. Since agricultural practices are directly linked to human activities, future studies need
to consider understanding the relationship between agricultural change and socio-economic
and political dynamics. The nature of the relationship is likely to be non-linear [36,37], and
thus, more research is required to unpack the interactions of cultivation practices, climate
variability, socio-economic, and political dynamics in order to create a resilient small-scale
crop farming system in rural South Africa.
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Moyo and Ravhuhali [38] showed that drought and rainfall variability are two of
the many other factors that lead to the abandonment of agricultural land (cropland). Our
results demonstrated that the nature of the interaction between climate variability and the
change in agricultural land seems to behave differently in high- and low-rainfall areas.
For areas that receive high rainfall, rainfall anomalies and drought events have a greater
influence on agricultural land cover, whereas in areas that receive low rainfall, changes
in maximum temperature (maximum temperature anomaly) and drought seem to have
more influence on agricultural cropping. Although this may show the influence of climate
variability on agricultural land change, we argue that the patterns and trends of agricultural
land abandonment are potentially driven by a combination of drivers including socio-
economic and political factors, whereby a change in rainfall influences decision making on
whether to abandon land for agriculture or cultivate an extended area based on prevailing
socio-economic conditions nested within the political climate [39]. The prevalence of dry
spells can affect yield production by affecting the crop’s development stages, particularly
for staple crops such as maize, beans, and potatoes [40]. Often, rural communities are
vulnerable to extreme climatic events, as they do not have the necessary available resources
(financial or social) to deal with climate variability. With the climate expected to become
warmer in the future, small-scale crop farming faces a challenge that requires research
attention in order to combat the possible negative effects on livelihoods in rural South
Africa and other developing countries.

4.2. Overall Land Cover Change

Land cover change showed that the rural landscapes are dynamic, with a notable
decrease in natural grassland and agricultural land, while the woody vegetation, built
up, plantation, and fallow categories increased. These changes, particularly decreasing
natural grassland, have implications for the biodiversity and ecosystem services, which
are important for sustaining the livelihoods of the local people in rural areas [41–43]. A
decline in agricultural land has far more direct impacts on livelihoods as products obtained
from crop farming can be used for subsistence or to generate income [3]. The decline in this
category followed frequent periods of dry conditions, where rainfall was below average
and drought was prolonged, illustrating the influence that climate variability has on crop
farming. Should the periods of prolonged dryness increase, small-scale farming practices
will need to adapt to improve the resilience of crop farming in rural areas [41].

The land cover change results showed similar trends with a decline in natural grass-
land and agricultural land, with increased rates of change in certain time periods, which
varied across the sites. At the category level, the loss of grassland was dormant in the
Mangaung and Joe Morolong local municipalities, while it was active in Umhlabuyalin-
gana. A dormant loss indicates that the conversion of grassland is lower than the uniform
rate of change if the change was occurring randomly, while an active loss indicates the
opposite. Moreover, the different rates of change in the landscape indicate the adaptability
of rural dwellers to local conditions [37]. The observed decline in grassland is concerning
as grasslands cannot be easily restored [44]. The results showed that grassland transitioned
to woody vegetation and built up, indicating bush encroachment or thickening, as well
as development taking place, which are signs of landscape degradation [45]. Various
studies in rural South Africa have shown similar trends where natural grasslands declined
over time while built up areas have increased [18,19]. Skowno et al. [46] have shown an
increase in woodlands in various open landscapes in South Africa, with an annual increase
of 0.22% between 1990 and 2013. The encroachment of woody plants in grasslands has
implications for ecosystem functioning and ecosystem services, adding more pressure on
grasslands [47]. With ever-increasing atmospheric carbon dioxide concentrations, woody
plants are becoming favored over grass species [48], with low-income areas experiencing
exacerbated land degradation from woody plants’ encroachment due to their reliance on
natural resources [21,43,47,49].
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Despite the encroachment of woody vegetation and development, other land cover
categories such as plantation, in Umhlabuyalingana, have seen a remarkable increase over
the 38-year period, driven by the economic value that comes from selling timber products.
The market value of these products and the advantages they have for the local economy
(and livelihood betterment) in this landscape need further investigation in order to inform
management policies. Although there are financial benefits to the eucalyptus plantations in
Umhlabuyalingana, the expansion of the plantations has negative impacts on the overall
groundwater, given the landscape solely depends on rainfall and groundwater supply [16].

Our study assessed how climate variability influences changes in agricultural land
change, paying special attention to changes in area covered by agricultural land and its
relation to the rainfall anomaly, temperature anomaly, and Standardized Precipitation Evap-
otranspiration Index (SPEI). However, we understand that climate variability may also
influence changes in other land cover types such as woody vegetation, grassland, and wa-
terbodies. Therefore, future studies should pay attention to a suite of land cover categories
to fully unpack the influence of climate variability on land cover change through space and
time. We acknowledge the limitations of using one to two weather stations to represent a
larger area; however, we aimed to use the only three in situ weather stations with a high
accuracy of data. Therefore, future work should consider the use of modelled climate data
for a wider spatial distribution, which could perhaps account for microclimatic variability.

5. Conclusions

We mapped and quantified changes in land use and land cover in marginalized
landscapes over a period of 38 years. The rate of land cover change in the three rural South
African landscapes was variable and site-specific, yet the patterns were similar with declines
in grassland and agricultural land and the expansion of the woody vegetation, built up,
plantation, and fallow categories. Loss of natural grassland indicates potential landscape
degradation, where biodiversity and ecosystem services may be affected. Agricultural land
change showed a significant decline over the study period, implying that the practice is
becoming less important for rural communities in South Africa. The climate data showed
varying trends in each case study area, with a general trend of declining annual rainfall
and increased dryness, indicated by below-normal rainfall and a decreased SPEI in the
last two decades. Maximum temperatures were above normal in all case study areas
over the last two decades in Umhlabuyalingana and the last decade in both Joe Morolong
and Mangaung areas. The decline in agricultural land area followed a period of below-
normal rainfall, above-normal maximum temperature, and extended periods of dryness
(i.e., drought). We argue that, although the change in agricultural land area followed
the trends of climate variability, the different rates of change indicate complexity in this
system with socio-economic and political dynamics influencing people’s adaptive abilities.
Socio-ecological systems frameworks need to acknowledge and integrate the complexity
of the various drivers of small-scale farming practices for more resilient and food-secure
communities in rural areas.
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trend was produced using ThielSen trend analysis. The blue curve indicates the annual mean rain-
fall (mm). The solid red line shows the trend estimate and the dashed red lines show the 95% confi-
dence intervals for the trend based on resampling methods. The ** in the figure indicates significance 
at the 0.01 confidence interval.  

Figure A1. Annual rainfall trend for Umhlabuyalingana local municipality area, South Africa. The
trend was produced using ThielSen trend analysis. The blue curve indicates the annual mean rainfall
(mm). The solid red line shows the trend estimate and the dashed red lines show the 95% confidence
intervals for the trend based on resampling methods. The ** in the figure indicates significance at the
0.01 confidence interval.
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Figure A3. Annual rainfall trend for Mangaung local municipality area, South Africa. The trend was
produced using ThielSen trend analysis. The blue curve indicates the annual mean rainfall (mm). The
solid red line shows the trend estimate and the dashed red lines show the 95% confidence intervals
for the trend based on resampling methods.
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Figure A4. Annual maximum temperature trend for Umhlabuyalingana local municipality area,
South Africa. The trend was produced using ThielSen trend analysis. The blue curve indicates the
annual maximum temperature (◦C). The solid red line shows the trend estimate and the dashed red
lines show the 95% confidence intervals for the trend based on resampling methods. The ** in the
figure indicates significance at the 0.01 confidence level.
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Figure A5. Annual maximum temperature trend for Joe Morolong local municipality area, South
Africa. The trend was produced using ThielSen trend analysis. The blue curve indicates the annual
maximum temperature (◦C). The solid red line shows the trend estimate and the dashed red lines
show the 95% confidence intervals for the trend based on resampling methods. The ** in the figure
indicates significance at the 0.01 confidence level.
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show the 95% confidence intervals for the trend based on resampling methods. The *** show that 
the trend is significant to the 0.001 confidence level. 
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