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Abstract: Soil erosivity is a key indicator of the effectiveness of precipitation acting on the land’s
surface and is mainly controlled by event-scale and seasonal weather and climatic factors but is
also influenced by the nature of the land’s surface, including relief and vegetation cover. The
aim of this study is to examine spatial and temporal variations in soil erosivity across southern
Africa using rainfall data for the period 2000–2023 and a gridded raster spatial modelling approach.
The two wettest and driest years in the record (±>1.5 standard deviation of rainfall values) were
identified, which were 2000 and 2006, and 2003 and 2019, respectively. Monthly rainfall values in
these extreme wet/dry years were then analyzed for four rainfall regions (arid, semiarid, subhumid,
humid), identified according to their annual rainfall totals. These data were then used to calculate
Precipitation Concentration Index (PCI) values as an expression of rainfall seasonality, and the
modified Fournier index (MFI) was used to quantify rainfall erosivity. The results show that there are
significant differences in erosivity between the different climate regions based on rainfall seasonality
and also their distinctive environmental settings. In turn, these reflect the synoptic climatic conditions
in these regions, their different precipitation sources, and rainfall totals. The results of this study show
that calculated MFI values at the national scale, which is the approach taken in most previous studies,
cannot effectively describe or account for erosivity values that characterize different climatic regions
at the sub-national scale. Furthermore, the mismatch between PCI and MFI spatial patterns across
the region highlights that, under semiarid, and highly seasonal rainfall regimes, episodic rainfall
events interspersed with periods of dryness result in significant variability in erosivity values that are
unaccounted for by rainfall totals or seasonality alone. In these environments, flash floods and wind
erosion result in regional-scale soil erosion and land degradation, but these processes and outcomes
are not clear when considering MFI values alone. Fully evaluating spatial and temporal patterns of
erosivity in their climatic and environmental contexts, as developed in this study, has implications
for sediment and carbon exports, as well as identifying the major regions in which land degradation
is an environmental and agricultural issue.

Keywords: erosivity; Fournier index; rainfall climatology; seasonality; soil erosion modelling;
South Africa

1. Introduction
1.1. Rainfall Climatology and Applications to Erosivity in Africa

In southern Africa, several recent studies have identified and analyzed extreme
precipitation events that have the potential to lead to anomalously wet or dry land surface
conditions and, typically, floods and droughts, respectively [1–3]. These precipitation
extremes arise as a result of changes in long-term synoptic atmospheric circulation patterns,
changes in naturally occurring climate cycles such as the El Niño–Southern Oscillation
(ENSO) and the Indian Ocean Dipole (IOD) [4,5], and the occurrence of high-magnitude
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events such as tropical cyclones [6,7]. Studies have also examined rainfall patterns over
different spatial and temporal scales, from a continental scale [7] to that of individual river
basins [6,8], and from mean annual [9] to seasonal [10–12] and daily time scales [13,14].
Although many of these studies have been concerned with the implications of changing
rainfall patterns for rivers and flood risk, agricultural production, and community health,
amongst others [3,8,15], relationships to spatial and temporal rainfall erosivity have not
been a major focus [16,17]. This is despite many studies examining erosivity at a regional
to continental scale in Africa, where rainfall patterns (rather than local environmental
conditions) are the major controls on calculated erosivity values [18–21].

Rainfall erosivity is an important proxy for the likelihood of land surface erosion
to take place and is derived from the interaction of rainfall properties (e.g., 30 min
erosivity intensity (EI30), rainfall total over 3 h to seasonal timescales) with the land
surface [22–25]. Rain gauge records have been brought together in the Global Rainfall
Erosivity Database [20,21], and this database can be used to map spatial patterns of erosivity
across regional scales. In addition, erosivity is also closely related to spatial patterns of land
surface properties such as geology, relief (terrane form), slope, soil type, vegetation cover,
and land use. Several studies have examined the interplay between these properties in
terms of their contribution to net erosivity in different locations and under different rainfall
regimes [17,26].

As a result of rainfall variability across different land surfaces, several studies have
been concerned with evaluating spatial and temporal trends in rainfall erosivity in different
locations in Africa. For example, Fenta et al. [27] showed that the highly variable topography
of East Africa results in spatially variable patterns of rainfall, where low-lying coasts are
affected by frontal and cyclonic systems and highland areas are affected by orographic rainfall.
These different weather systems have different patterns of rainfall (timing, length, intensity).
The outcome is highly variable mean erosivity values across the region, corresponding to the
synoptic weather systems present, with accompanying high seasonal variability in both
erosivity and parameters derived from rainfall data such as the Precipitation Concentration
Index (PCI). In northern Algeria, despite average erosivity values declining over time
between 1970 and 2008 as a result of an overall aridity trend, land surface erosion and the
siltation of dams have actually increased, likely as a result of human-induced land use
change [28,29]. This highlights how rainfall forcing itself is not the only factor contributing
to erosion patterns, especially in regions that have high spatial and temporal variability in
rainfall or that are extensively modified by agriculture.

1.2. Approaches to Evaluating Rainfall Erosivity

A common approach to evaluating erosivity is through the application of the Universal
Soil Loss Equation (USLE) and its derivations [30,31]. This has been widely employed
across Africa to consider soil erosion risk, especially in high-relief mountain areas [19,32].
Erosivity is expressed through the R-factor in the USLE, and this is given in units of
MJ mm ha−1 h−1 yr−1 [18,33]. The use of R-factor values enables the results of different
studies to be compared. At a global scale and derived from a large database, mean R-factor
values are calculated as 2190, but these are significantly different between the northern
(1545) and southern hemispheres (4545) and between the summer (41–47% of total annual
erosivity) and winter seasons (8–10% of total annual erosivity) [21]. However, only 4% of
rainfall erosivity stations in this database are located in Africa, and thus, the applicability of
these calculated values to this area is not clear. Average R-factor annual values in Algeria
range from 107 to 871 [28]. In East Africa, annual values range from 1895 to 3246 [27].
Annual values from Ibadan and Port Harcourt in Nigeria are 213 and 361, respectively;
however, based on the erosivity resulting from event-scale rainfall only at these locations
(EI30 and EI15), the extrapolated annual values are 9742 and 15,752, respectively, indicating
the important role of event-scale rainfall in soil erosion [24]. These different examples
from Africa show that R-values are highly variable, irrespective of the spatial and temporal
scales of analysis.



Atmosphere 2024, 15, 1283 3 of 20

The modified Fournier index (MFI) is also commonly used to calculate rainfall erosivity
based on long-term datasets of monthly rainfall data for a region [34]. The advantage of this
approach is that it is based on aggregated monthly data only, and such data are commonly
available even from low-resolution or poorly resourced weather stations, which makes it
ideal for many locations in Africa. For example, in Sudan, MFI values are significantly
low throughout the period 1941–2007, but significant high-value peaks exist related to
episodes of much higher rainfall [35]. In Algeria, MFI values are positively correlated with
El Niño state and, thus, the cyclicity of rainfall patterns [29]. In Ethiopia, spatial gradients
in MFI values are present, related to altitude, but there is a generally decreasing trend
for all regions for the period 2000–10 that reflects decreased rainfall [36]. However, the
observation of increased soil erosion rates despite decreased erosivity implies that factors
such as overgrazing and land use change are the main drivers. In Rwanda, the opposite is
found where MFI values show an increasing trend over time (1960s–1990s) [37].

More recently, regional-scale rainfall patterns can be derived and have been analyzed
from remotely sensed datasets such as Tropical Rainfall Measurement Mission (TRMM)
products [38]. In West Africa, comparison with rainfall data derived from other datasets
shows that TRMM data perform well and with lower errors over monthly/seasonal time
scales and over large aggregated (2.5◦ × 2.5◦) grid cell scales [39]. This has been used in
a spatial sense to model rainfall erosivity across regions, such as many areas of Africa,
where there is an absence of field-based rain gauge data [33]. Analysis of the TRMM
Multi-satellite Precipitation Analysis (TMPA) dataset shows that, although this dataset has
spatial advantages, it is insufficient to accurately model erosivity values. Vrieling et al. [18]
found that MFI has a higher correlation coefficient (r = 0.84) than the 3 h TMPA data product
(r = 0.71). Thus, the use of MFI based on monthly rainfall data is recommended, and for
this reason, this is focused on in this study.

1.3. Limitations of Previous Work and This Study’s Aim

Although there are studies of rainfall erosivity in some areas of Africa, there are few
from southern Africa [16,17,40], which is surprising given its seasonal and highly variable
rainfall regime and the relationships of rainfall to agricultural production and climate
hazards. Although spatial patterns of erosivity are identified on maps presented in these
previous studies, these patterns are not linked to the different rainfall regimes that are
found across South Africa [41]. Likewise, there is no consideration of the temporal patterns
of erosivity caused by rainfall seasonality. This research gap is particularly important given
that changes in seasonal rainfall patterns (season timing, duration, total rainfall) are already
being observed [11,42] and that event-scale rainfall is also increasing [14].

In response to this research need, this study aims to examine spatial and temporal
trends in soil erosivity across southern Africa and its different rainfall regions for the
period 2000–2023 using monthly data of regional rainfall patterns. Based on this, the
Standardized Precipitation Index (SPI), PCI, and MFI values are calculated. In detail, this
paper (1) describes the rainfall climatology of the study area and the datasets used to
analyze this; (2) presents the results of the study, including relationships between SPI, PCI,
and MFI values in arid, semiarid, subhumid and humid regions of southern Africa and
their variability; and (3) discusses these results in the context of rainfall and environmental
variability across the country. Limitations with this approach, as applied to dryland areas in
particular, are then identified. The outcomes of this study have implications for predicting
soil erosion patterns under climate change for regions with variable hydrological regimes
and are of relevance to farmers, policymakers, risk, and environmental managers, and
conservationists seeking to predict the impacts of climate change on land surface properties.

2. Materials and Methods
2.1. Study Area

Southern Africa in this study broadly corresponds to the region south of ~22◦ S and
includes South Africa (with Lesotho and eSwatini) and the southern parts of Namibia,
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Botswana, Zimbabwe, and Mozambique (Figure 1a). Here, the geographical focus is
specifically on South Africa (1.22 million km2), set in this wider regional context. Annual
rainfall in South Africa ranges from <1100 mm in the east to >350 mm in the west of
the country; thus, there is a pronounced precipitation gradient. This arises as a result
of the different moisture sources available from the east (Indian Ocean), west (Atlantic
Ocean), and south (Southern Ocean) [43], and where coastal upwelling influences the
moisture transport by air masses inland [44]. This region is also strongly affected by El
Niño climate cycles that lead to much lower rainfall during strong El Niño events, and this
was responsible for the significant drought experienced in the Western Cape Province of
South Africa in 2015–16 [45]. Annual rainfall totals can be used to distinguish four broad
rainfall regions in South Africa, corresponding to arid, semiarid, subhumid, and humid
from west to east, respectively (Figure 1b). The methods used in the identification of these
rainfall regions are described in Section 2.2.
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Figure 1. The location of the study area and sites mentioned in the text. (a) Countries within the
southern Africa region (South Africa is shaded in grey). Moz = Mozambique; Zim = Zimbabwe;
and eSw = eSwatini. Provinces within South Africa are as follows: LIM = Limpopo; GT = Gauteng;
NW = Northwest; NC = Northern Cape; WC = Western Cape; EC = Eastern Cape; FS = Free State;
KZN = KwaZulu-Natal; and MP = Mpumalanga. The Karoo region is circled within the brown line.
(b) The rainfall regions of South Africa (arid, semiarid, subhumid, humid), as identified in this study,
are mapped for the ‘normal’ year 2000 according to their annual rainfall values (see definitions in
Section 2.2), SRZ = summer rainfall zone; YRZ = year-round rainfall zone; and WRZ = winter rainfall
zone (from [41]), with their boundaries indicated by the thick dashed lines.

Rainfall seasonality is also a distinctive characteristic of South Africa’s climate, whereby
the eastern two-thirds of the country falls within the summer rainfall zone (SRZ), the
western coastal fringe of the country within the winter rainfall zone (WRZ), and the
transition between the two within the year-round rainfall zone (YRZ) (Figure 1b) [41,42].
Interior parts of the country within the YRZ exhibit relatively uniform rainfall patterns,
whereas there is more irregular rainfall in the areas of the SRZ and WRZ [42]. In addition,
some rainfall trends over recent decades can also be identified in different parts of the county.
In the Karoo region, in the interior of South Africa (Figure 1a), rain gauge data from eight
stations between 1936 and 2018 showed an increasing rainfall trend of 10 mm/decade [46].
In Gauteng Province in northeast South Africa, rainfall patterns between 1997 and 2009
showed an increasing late summer rainfall trend, and this coincided with more frequent
extreme rain events during this season [47]. In the KwaZulu-Natal Province, historical
and instrumental data on river flooding from 1836 to 2022 show how flooding frequency
(based on cyclonic rainfall derived from the Indian Ocean) has doubled throughout the
20th century [48].
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Rainfall patterns in South Africa have been used in some studies to evaluate patterns
of erosivity [17,40], but these mainly highlight the influence of slope properties (altitude,
steepness) [17,49] rather than the role of seasonal or event-scale precipitation events that
are known to be a strong driver of erosivity throughout Africa as a whole [33].

2.2. Datasets and Analytical Methods Used

In this study, combined rain gauge and remote sensing data on rainfall patterns were
derived from the Climate Hazard group InfraRed Precipitation with Stations (CHIRPS)
gridded database for the period 1981 to present (available from https://data.chc.ucsb.
edu/products/CHIRPS-2.0/ accessed on 29 August 2024). In detail, RFE2 is a composite
(satellite and rain gauge) product produced by NOAA and presents decadal-scale rainfall
data across Africa at 0.1◦ × 0.1◦ spatial resolution (available from https://earlywarning.
usgs.gov/fews/product/48 accessed on 29 August 2024). From this dataset, we extracted
monthly rainfall data for the study area for each year from 2000 to 2023. Across this time
period, annual average rainfall across the region showed an overall slightly declining trend
(Figure 2), although the 23-year period of analysis is too short to identify whether or not
this represents any systematic change in rainfall climatology.
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Figure 2. Trend of annual average precipitation across the southern Africa study area, 2000–2023.

Based on the CHIRPS dataset, we then identified four rainfall regions across southern
Africa according to their annual total rainfall where broadly following UNEP convention [50],
rainfall in the range 0–300 mm yr−1 was classified as arid, 301–600 mm yr−1 as semiarid,
601–800 mm yr−1 as subhumid, and >801 mm yr−1 as humid (Figure 1b). This was carried
out for each year from 2000 to 2023. The reason for this classification was to characterize
the typical rainfall properties of different localities in the study area and throughout the
time period 2000–23.

The next step was to identify the wettest and driest years across southern Africa in
this period using the Standardized Precipitation Index (SPI) [51]. The SPI is based on the
comparison of annual rainfall for each year with the average annual rainfall across the
entire period, which in this study is 2000–23. From this, anomalously wet and dry years
are identified, defined here where the annual rainfall is +1.5 standard deviation (SD) and
−1.5 SD from the mean value, respectively (Figure 3). Based on this definition, the two
wettest years identified for the study area were 2000 and 2007, and the two driest years
were 2003 and 2019. ‘Normal’ or average years were identified where SPI values were
near zero; for the purpose of comparison with the extreme rainfall years, the normal years
used here were taken to be 2010 and 2023 (Figure 4). SPI analysis was then undertaken for
annual rainfall within each of the four rainfall regions. It should also be noted that the SPI
has been previously used in South Africa to identify anomalously wet/dry years [1].

https://data.chc.ucsb.edu/products/CHIRPS-2.0/
https://data.chc.ucsb.edu/products/CHIRPS-2.0/
https://earlywarning.usgs.gov/fews/product/48
https://earlywarning.usgs.gov/fews/product/48
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Based on monthly rainfall values, the precipitation concentration index (PCI) was
calculated as follows:

PCI = 100∑12
i=1

(
P2

i
P2

)
where P is precipitation, and Pi represents precipitation values for a single month [52]. PCI
values reflect the distribution of monthly rainfall values with respect to rainfall received
throughout the year. Thus, PCI values and their interpretation can be classified according
to uniform rainfall conditions (PCI values of <10), including moderately seasonal (10–15),
seasonal (15–20), highly seasonal (20–50), and irregular (50–100). Botai et al. [42] also
calculated seasonal PCI values across South Africa for the period 1998–2015.
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In order to calculate erosivity, various indices were used and derived from the monthly
rainfall patterns. The Fournier erosivity index (FI) is calculated as follows:

FI =
P2

i
P

where FI is the Fournier index values; Pi is the monthly rainfall depth in i month; and
P is the annual rainfall. In addition, the modified Fournier index (MFI) was calculated
as follows:

MFI =
∑12

i=1 P2
i

P
where MFI values are classified into very low erosivity (values of 0 to 60), low erosivity
(60 to 90), moderate erosivity (90 to 120), high erosivity (120 to 160), and very high erosivity
(>160) [53]. A raster tool was developed to calculate erosivity and seasonality values using
the MFI and PCI equations, respectively.

In addition to values for the entire study area, PCI and MFI values were also calculated
for the four rainfall regions, as identified through the SPI analysis. The purpose of this step
was (1) to consider whether there are identifiable differences in rainfall seasonality between
the different regions as reflected by PCI values and (2) to identify if any rainfall seasonality
then influences the calculated erosivity values through the MFI. The latter may potentially
be the case, as the WRZ and YRZ mainly include arid and semiarid regions (according to
annual rainfall values, Figure 1b), whereas the SRZ has higher rainfall overall and spans all
rainfall regions. If different seasonal rainfall patterns give rise to different erosivity values,
then this is of concern to land managers and other user communities. The overall workflow
employed in this study is summarized in Figure 5.
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Figure 5. The raster analysis model workflow used in this study.

3. Results and Interpretation
3.1. SPI Values for the Different Rainfall Regions

SPI values across the entire region are used herein to identify wet, dry, and normal
rainfall years (Figure 3). In detail, there have been differences in wet and dry anomaly
years across the different rainfall regions (Table 1). For some years, like 2000, there are
antiphase anomalies with dry areas, particularly dry and wet areas, and particularly wet
areas. This is also seen in 2017. In other years, anomalies are seen in all areas, such as 2003
(dry), 2015 (dry), 2018 (dry), 2019 (dry), and 2023 (wet). The most likely reason behind these
spatial patterns is synoptic circulation patterns and the role of El Niño [1,7] (see Section 3.3).
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The apparent antiphase relationship between the wetter (east) and drier (west) parts of
southern Africa has been considered previously and interpreted with respect to these major
drivers [10,54].

Table 1. SPI anomaly values for the different rainfall regions identified in this study, 2000–23. Wet
years (+1.5 SD) are shaded blue and dry years (−1.5 SD) are shaded gold. Values for the entire
southern Africa region are presented in Figure 3.

Year Arid Region Semiarid Region Subhumid Region Humid Region

2000 −1.04 0.04 2.56 1.65

2001 1.53 2.04 0.89 0.83

2002 0.38 0.04 −0.40 0.06

2003 −1.20 −0.85 −1.76 −1.58

2004 −0.41 −1.33 −0.72 0.22

2005 0.41 −0.18 −0.59 −0.37

2006 1.15 1.96 0.77 2.12

2007 −0.73 −0.23 0.22 −0.48

2008 1.43 0.09 −0.58 0.15

2009 1.72 0.40 0.37 1.20

2010 −0.23 −0.49 −0.61 −0.45

2011 0.71 1.87 2.06 0.40

2012 0.19 0.00 0.83 1.10

2013 0.37 −0.69 −0.31 −0.35

2014 1.04 0.40 0.02 −1.40

2015 −1.01 −0.23 −0.59 −1.94

2016 0.08 −1.29 −0.95 −0.57

2017 −1.60 −0.77 0.28 0.28

2018 −1.08 −0.76 −0.78 −1.11

2019 −1.60 −1.84 −1.34 −0.81

2020 −0.49 0.06 −1.00 −0.45

2021 0.16 −0.37 0.09 −0.06

2022 −0.98 1.36 0.61 1.32

2023 1.20 0.75 0.94 0.22

3.2. PCI and MFI Variability in the Study Area

The proportion of the study area that is classified under the four rainfall classes in
the wet, dry, and normal years examined is shown in Table 2. These results show that
there is high variability in this proportion in all classes. Not surprisingly, humid areas and
arid areas achieve their greatest extent under wet and dry years, respectively. However,
even under wet years, arid and semiarid areas collectively represent between ~40 and 70%
of the total study area, increasing to ~80–90% in dry years. This categorically confirms
southern Africa as a dryland region [43] and possibly the overall drying trend identified
in the regional rainfall record (Figure 2). The high variability in all classes also underlies
problems arising from the erratic spatio-temporal nature of southern African rainfall [45]
with respect to hazard and risk management [55].
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The calculated PCI and MFI values for the different rainfall regions and years are
presented in Table 3. The mean PCI values fall within the range for seasonal rainfall for
all but two cells in the table; thus, “seasonality” is a major property of southern African
rainfall [38,41]. However, the range of values recorded across different data points within
all regions spans uniform to highly erratic rainfall behaviour. The range of PCI values is
particularly high for wet years in arid regions, which may potentially indicate more erratic
(extreme) rainfall events in these regions, such as through localized but high-magnitude
thunderstorms [56]. It may also suggest the westward migration of the boundary between
the SRZ and YRZ in these wet years. By contrast, humid regions have much lower PCI
variability under all conditions and, therefore, may be considered more climatologically
stable. MFI values are much more variable throughout. The mean MFI values for arid
regions record very low erosivity and with a very narrow value range (between 27 and 33)
under all rainfall conditions; semiarid regions show low erosivity; subhumid regions
mainly show moderate erosivity; and humid regions mainly show very high erosivity. The
range of mean values generally increases with increased rainfall. Although the dependent
relationship of MFI to rainfall may be expected [40], it is notable that extremely high MFI
values are recorded throughout (except for arid regions) and under all rainfall conditions.
The mean MFI values calculated in this study (Table 3, range of 27 to 219 across the study
area) are comparable to those from other regions in Africa that are also affected by seasonal
rainfall patterns. For example, in Rwanda, MFI values are in the range of 115–175 [37]; in
East Africa, it is 30–270 [27]; and in Ethiopia, it is 101–173 [36].

Table 2. The proportion of the total study area classified according to the four rainfall regions in wet,
normal and dry years.

Rainfall Conditions Year Rainfall Region Area (% of Total)

Wet years

2000

Arid 32.77

Semiarid 35.40

Subhumid 13.24

Humid 18.59

2006

Arid 20.97

Semiarid 27.54

Subhumid 34.11

Humid 17.38

Normal years

2010

Arid 34.09

Semiarid 41.62

Subhumid 18.51

Humid 5.78

2023

Arid 52.13

Semiarid 23.90

Subhumid 8.86

Humid 15.10

Dry years

2003

Arid 46.91

Semiarid 40.93

Subhumid 7.04

Humid 5.13

2019

Arid 52.51

Semiarid 28.63

Subhumid 10.40

Humid 8.46
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Table 3. PCI and MFI results for the four rainfall regions and for the wet, normal, and dry years
identified in the SPI analysis. Cells are colour-coded according to the categories of PCI (Figure 6) and
MFI values (Figure 7).

Rainfall
Conditions

Year
Rainfall
Region

PCI Value MFI Value

Min Max Range Mean SD Min Max Range Mean SD

Wet years

2000

Arid 8.83 52.42 43.59 19.26 7.15 2.76 111.11 108.34 33.37 18.66
Semiarid 8.73 37.13 28.40 18.14 4.71 28.07 164.96 136.89 83.27 24.14

Subhumid 10.62 30.97 20.36 16.68 5.15 69.94 237.91 167.97 116.85 38.01
Humid 10.56 29.70 19.14 16.76 4.15 89.61 899.17 809.56 178.49 65.33

2006

Arid 9.38 54.75 45.37 17.12 4.63 4.14 97.02 92.88 29.49 15.72
Semiarid 9.60 33.69 24.08 17.90 3.77 29.34 186.22 156.87 84.17 24.89

Subhumid 9.80 31.50 21.70 19.07 2.96 60.02 219.51 159.48 133.78 22.85
Humid 9.71 28.57 16.05 16.05 3.28 81.51 423.82 342.31 152.40 35.57

Normal
years

2010

Arid 8.95 40.55 31.60 17.22 5.81 2.36 100.64 98.27 29.29 18.85
Semiarid 9.28 38.06 28.77 17.79 3.56 28.27 167.50 139.23 81.35 20.33

Subhumid 9.84 27.22 17.38 15.94 2.50 59.62 201.75 142.13 110.36 17.83
Humid 9.72 27.36 17.64 15.42 1.71 89.94 285.04 195.10 137.43 20.64

2023

Arid 8.75 47.13 38.38 16.42 4.19 1.94 106.16 104.22 27.28 17.29
Semiarid 9.17 33.45 24.29 16.13 4.07 29.50 165.88 136.37 68.71 20.97

Subhumid 9.07 29.27 20.20 15.13 4.41 56.04 218.82 162.78 104.72 30.91
Humid 9.23 32.90 23.67 18.24 5.39 77.29 566.04 488.75 188.31 74.52

Dry years

2003

Arid 8.70 41.16 32.46 16.21 4.14 2.42 70.02 67.60 29.38 15.20
Semiarid 9.49 23.44 13.95 15.95 2.71 31.40 139.15 107.75 67.10 15.41

Subhumid 9.80 26.23 16.44 14.31 2.88 61.97 205.09 143.12 96.55 20.80
Humid 9.68 25.25 15.57 16.25 3.16 80.10 447.88 367.78 165.34 49.11

2019

Arid 8.61 39.99 31.38 17.88 4.59 1.90 98.05 96.14 29.64 18.12
Semiarid 8.83 39.24 30.40 18.41 3.87 26.63 216.71 190.08 77.92 20.99

Subhumid 8.96 35.54 26.58 16.93 3.15 54.88 268.76 213.87 116.35 22.03
Humid 9.32 33.67 24.34 20.19 5.69 90.91 769.51 678.59 219.83 99.51Atmosphere 2024, 15, x FOR PEER REVIEW 11 of 21 
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The spatial patterns of PCI and MFI values across the study area can also be examined,
and these are shown in Figures 6 and 7, respectively. PCI values have highly variable
patterns, both within and between overall wet and dry years. Low PCI values indicating
uniform rainfall patterns show the greatest spatial variability, and this category of values
appears to migrate across the south coast of South Africa and broadly reflect the zonation
of the YRZ. This has been noted in previous studies [57,58]. It is also notable that highly
seasonal rainfall is suppressed under dry years, which is indicative of the failure of seasonal
rains. These spatial patterns may also mirror some regional changes in rainfall properties
identified by Kruger and Nxumalo [59] based on the analysis of data from weather stations
across South Africa for the period 1921–2015. That study shows, across this time period,
increases in total annual rainfall in northeast and southern South Africa, increases in
summer rainfall, and increases in daily rainfall intensity. These longer-term patterns may
give rise to long-term changes in erosivity.

The spatial patterns of MFI values are presented in Figure 7. The majority of the study
area falls under very low erosivity conditions in all years, especially in dry years where,
of course, rainfall totals are lower. The regions affected by moderate or greater erosivity,
irrespective of wet or dry years, are located in the east of the area and, thus, within the
SRZ and match the patterns of annual rainfall from which they are derived (Figure 4).
It is notable that areas of very high erosivity vary in proportion and location between
the time periods examined (Table 3), are found mainly in the northeast of the region,
and are likely associated with extreme and intense rainfall events found in this area. For
example, a tropical depression from the Indian Ocean in February 2000 (a wet year) resulted
in extreme rainfall (24 h total of 300–500 mm, return period of <200 years) in southern
Mozambique and NE South Africa [60]. The imprint of this event may be that which is
recorded in the image for the year 2000. Despite being categorized here as a ‘normal’ year
overall, 2023 included the category 5 Cyclone Freddy (February–March 2023) that made
landfall in southern Mozambique and resulted in intense rainfall (<600 mm) and flooding
in this area and in Malawi [61]. This can account for the very high erosivity values seen
in this region in 2023. Under overall dry conditions, erosivity is much lower throughout,
which may be due, in part, to a changing frequency of tropical cyclones to the east of the
study area but also due to other factors such as blocking highs and the influence of El Niño.
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3.3. Seasonality of Rainfall and Resulting PCI and MFI Values

In detail, the seasonal patterns of rainfall received in the four rainfall zones show some
notable differences (Table 3, Figure 8) that broadly reflect their spatial position with respect
to the WRZ, YRZ, and SRZ. For example, arid regions within the WRZ have the greatest
rainfall variability in that season (austral winter months JJA). The greatest difference in
rainfall is found in the southern hemisphere summer season months (DJF), and the lowest
difference is in the autumn months (fall) (JJA) (Figure 8). Humid/subhumid areas are, by
definition, wetter than arid areas. El Niño periods are associated with lower rainfall in
semiarid areas during the summer; there is less impact on rainfall in other areas or in other
seasons [62,63]. These types of spatial patterns in rainfall reflect synoptic-scale circulation
patterns and the interplay between weather systems from different source areas [42,64].
There is no clear trend in any changes in rainfall seasonality per region over the time series
examined (Figure 8), but other studies based on different records have identified some
persistence in earlier winter rains within the WRZ [65], the lengthening of the rain season
within the WRZ [11], shifts in the position of the SRZ/YRZ boundary [58], and increased
rainy days/rain intensity in the SRZ [66]. This diversity of evidence certainly suggests some
reconfiguration of synoptic circulation patterns over southern Africa in recent decades,
likely reflecting larger, hemispheric-scale changes.
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2000–2023, where (a) summer season DJF, (b) autumn/fall MAM, (c) winter JJA, (d) spring SON.
For comparison, El Niño events (blue shaded zones) are shown based on Southern Oscillation Index
values (from https://www.ncei.noaa.gov/access/monitoring/enso/soi, accessed on 30 August 2024).
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The MFI categories are very different between the climate zones, with arid areas
exclusively low and humid areas much more variable but mainly high/very high (Figure 9).
Semiarid and subhumid area values fit between these end members. Average PCI values
are remarkably similar throughout and across all rainfall regions. There is not a close
match between SPI variability in different regions (Table 1) and the PCI values. The
correlation coefficients of these relationships are shown in Table 4. Overall, the highest
positive correlations are with the MFI in the arid climate zone during autumn and winter.
This may reflect the seasonality of rainfall in this region (in the WRZ). In the subhumid
and humid zones, high positive relationships are found with both MFI and PCI in the
spring (SON) and summer (DJF) and negative relationships in the winter (JJA). Thus,
the seasonality of MFI and PCI is particularly pronounced in this area. This is further
shown in Figure 10, where the subhumid region shows a higher correlation coefficient
between MFI and PCI compared to the other climate regions. Potential reasons why there
is a weaker relationship between these variables in arid, semiarid, and humid areas are
discussed below.

Table 4. Correlation coefficients of rainfall properties (MFI, PCI) by season in the different rainfall
zones analyzed. DJF = southern hemisphere summer; MAM = southern hemisphere autumn (fall);
JJA = summer hemisphere winter; and SON = southern hemisphere spring.

Arid
MFI PCI DJF MAM JJA SON

MFI 1
PCI 0.394 1
DJF 0.036 −0.442 1

MAM 0.774 0.264 0.133 1
JJA 0.584 0.251 −0.207 0.188 1

SON 0.568 0.015 −0.074 0.209 0.241 1

Semiarid
MFI PCI DJF MAM JJA SON

MFI 1
PCI 0.365 1
DJF 0.453 0.286 1

MAM 0.391 −0.284 −0.002 1
JJA 0.103 −0.395 0.033 −0.155 1

SON 0.491 −0.053 −0.210 0.283 −0.028 1

Subhumid
MFI PCI DJF MAM JJA SON

MFI 1
PCI 0.793 1
DJF 0.675 0.630 1

MAM 0.567 0.432 0.206 1
JJA −0.320 −0.554 −0.139 −0.376 1

SON 0.576 0.262 0.072 0.113 −0.023 1

Humid
MFI PCI DJF MAM JJA SON

MFI 1
PCI 0.335 1
DJF 0.549 0.376 1

MAM 0.443 −0.099 0.168 1
JJA −0.240 −0.417 0.041 −0.312 1

SON 0.640 0.018 0.140 −0.003 −0.058 1
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4. Discussion

The variable rainfall regimes found across southern Africa give rise to certain spatial
patterns in PCI (Figure 6) and erosivity (Figure 7), but this variability is hidden at the scale
of national-level assessments of rainfall erosivity [40]. Equally, more local-scale studies
highlight the role of soil properties and slope aspects as controls on erosivity [17,67],
whereas these are not resolved at a regional scale. In this study, the coarse-resolution
satellite data used may have influenced the dominance of very low and low MFI values
found across the region (Figure 7), where the data resolution may not capture detailed
environmental or climatic variability. Likewise, the temporal resolution of the dataset does
not allow for event-scale analysis of rainfall erosivity (i.e., calculation of EI30 values), which
has been the focus of some more localized studies [68,69]. Nonetheless, analysis of rainfall
and MFI seasonality (Figures 8–10, Table 4) hints at the dynamic and changing nature of
rainfall patterns and zones in southern Africa. The overall stability of PCI values over
interannual timescales (Figure 9b) hides greater complexity at seasonal timescales (Table 4),
where the highest correlation coefficients are found in the subhumid zone (falling within
the SRZ). This is confirmed by the highest R2 value being observed here between PCI and
MFI (Figure 10c). It is also notable that MFI values in arid and humid areas are highest
in the ‘transition’ seasons of spring and autumn. Although spatial or temporal shifts in
rainfall seasonality (and, therefore, erosivity) cannot be resolved in this study, the impacts
of any changes will be seen in land surface processes and properties, including vegetation,
soil/sediment export, and hazard risk [19].

In detail, low erosivity values in the west of the study area arise as a result of low
rainfall totals and low seasonality (Figure 7). However, this belies the high land surface
erosion potential that can still take place in these arid and semiarid environments. Here,
(i) rainfall is highly episodic, and event-scale rainfall tends to be very intense (likely
with high EI30 values, although this has not been tested), but that event-scale rainfall is
not captured in monthly rainfall totals [24,70]; (ii) low average rainfall totals mean low
vegetation cover and so the erosive effects of rainfall on the land surface will be much
greater than in areas with higher vegetation cover; and (iii) dry land surface is also more
strongly affected by wind erosion, which can also contribute to surface erosion and sediment
export [71]. For these reasons, predictive erosivity models have limitations when they are
applied to semiarid areas with strongly seasonal or event-scale climatic regimes [28,72],
as evidenced by the wide range of MFI values calculated for arid regions in this study
(Table 3). However, these problems associated with erosivity in arid areas are not well
described in the literature, nor is the interplay between rainfall, vegetation, land surface
properties, and erosivity well understood [73,74]. By contrast, moderate and high values
of erosivity are concentrated to the east of the study area (Figure 7). These areas, such as
Limpopo, Mpumalanga, and KwaZulu-Natal provinces in South Africa, are hotspots of
historical and present soil erosion [75–78] that can be interpreted to arise as an outcome
of the region’s high rainfall. However, high soil erosion potential across the study area
is also affected by high stocking density, overgrazing, and land degradation, and these
are independent of the rainfall regime [79,80]. Thus, the outcomes of erosion on the land
surface—such as land degradation—are not the result of rainfall alone, highlighting the
limitations of predictive erosivity models in being able to identify the regions at risk from
such environmental hazards.

The Fournier index is deterministically associated with certain rates of soil loss
that, in turn, result in certain erosion risk classes being identified [53,74]. Although the
Fournier index deals specifically with the monthly rainfall regime, the likelihood of soil
erosion taking place will vary according to the physical properties of the land surface,
corresponding to the erodibility factor K identified in the USLE [19,31,81]. This means that
MFI values themselves (Figure 7) and their spatial and temporal expressions in different
rainfall zones (Figures 7 and 9) and over time (Figure 7) might not be able to explain the
soil erosion risk or catchment sediment yield [26].
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Figure 11 presents a model describing some of these relationships, especially applicable
to arid and semiarid areas where rainfall erosivity is a particular issue for land degradation
and, thus, where predictive models of erosivity work least well [17,20,33].
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Soil erosion is a significant contemporary issue in southern Africa, and several studies
have examined the distribution of areas susceptible to erosion risk [82]. For example, based
on MODIS satellite data, Le Roux et al. [16] estimated that 50% of South Africa’s area
is under moderate-to-severe potential erosion risk based on the USLE. Likewise, spatial
mapping from SPOT satellite data shows the distribution of erosional gullies that are
concentrated in Eastern Cape and KwaZulu-Natal provinces of South Africa [83]. These
areas correspond to areas of unconsolidated Quaternary colluvium [84] as well as intense
agriculture [85] and are, thus, sensitive to changes in rainfall seasonality in this region,
which are located towards the margin of the SRZ. Examining these types of localities,
where rainfall shows greater interannual and seasonal variability [41,48], can better explore
the land surface and rainfall controls on erosivity. For example, using higher-resolution
rainfall data, such as 3 h data from the TMPA, may give a more accurate assessment of
the impacts of event-scale rainfall [33]. However, such data may be inappropriate or too
computer-intensive for larger regional and longer temporal scales.

Several limitations of the study can be identified. Although this study adopts a consistently
applied approach covering the entire southern African region and uses medium-scale
spatial and temporal resolution data in order to conduct this, any smaller-scale variability
of rainfall events and, thus, erosivity is hidden. Feedback related to land surface properties,
land use, and agriculture (Figure 11) is also not explored in detail. The role of ongoing
climate change (e.g., increasing aridity or more variable rainfall events) was not examined,
and this may require a larger dataset. The effects of climate cycles, such as El Niño
on erosivity patterns, were also not examined; however, they have been identified and
discussed (Figure 8). These limitations can also help identify possible future research
directions. For example, seasonal-scale variations in rainfall values and erosivity between
different rainfall regions could well be a fingerprint of climate change, so more detailed
quantitative analysis is needed. Future work may also involve applying rainfall data to
a land surface model, including slope, soils, and land use, in order to predict erosivity
and sediment yield based on the calculated R-factor of the USLE. This approach can help
understand the interconnections between rainfall seasonality and land surface properties
(Figure 11). This information can also help guide land conservation strategies, including
reducing the soil erosion risk.
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5. Conclusions

This study highlights the application and limitations of using satellite datasets for
erosivity modelling across large spatial scales, such as all of southern Africa. Calculating
rainfall erosivity is important for evaluating the impacts of annual, seasonal, and event-scale
rainfall patterns on the land’s surface. However, this study shows that there are significant
differences in both annual averaged and seasonal erosivity patterns in the different rainfall
regions of southern Africa that are a reflection of regional synoptic climatology. There are
also feedbacks within these regions that affects erosivity, including wind erosion (in dry
seasons), vegetation cover, slope/elevation, and agriculture (Figure 11). These can influence
the volume of land surface erosion and sediment export independent of rainfall itself.

In addition, climate models predict how future changes in rainfall patterns across
southern Africa—both spatially and seasonally—are likely to result in changes in erosivity [86].
However, these impacts are, as yet, unknown, posing uncertainty in predicting soil erosion
and land degradation risks. Likewise, an increase in event-scale rainfall intensity (e.g.,
EI30 values) that is often a typical outcome of climate change can also lead to higher soil
erosion and gullying rates and sediment and carbon export, especially over degraded land
surfaces [87].
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