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Abstract: Climate change has proved to be a threat to food security the world over. Using temper-
ature and precipitation data, this paper examines the differential effects climate change has on dif-
ferent land uses in the Luvuvhu river catchment in South Africa. The paper uses the Normalised
Difference Vegetation Index (NDVI) and Vegetation Condition Index (VCI), which were calculated
from Landsat images, and the Standardised Precipitation Index (SPI) for a sample of years between
1980 and 2016 to assess how drought and flood frequency have affected the agricultural environ-
ment. The results indicate that the lowest SPI values were recorded in 1996/1997, 2001/2002 and
2014/2015, suggesting the occurrence of drought during these years, while the highest SPI values
were recorded in 1997/1998, 2002/2003 and 2004/2005. The relationship between three-month SPI
(SPI_3) and VCI was strongest in grassland, and subsistence farming areas with the correlation co-
efficients of 0.8166 (p = 0.0022) and —0.6172 (p = 0.0431), respectively, indicating that rainfall varia-
bility had a high negative impact on vegetation health in those land uses with shallow-rooted plants.
The findings of this study are relevant to disaster management planning in South Africa, as well as
development of farming response strategies for coping with climate hazards in the country.

Keywords: climate indices; land use; vegetation indices; normalised difference vegetation index;
vegetation condition index; Luvuvhu River Catchment Area; South Africa

1. Introduction

The Luvuvhu River Catchment Area (LRCA) is a sub-catchment of the Limpopo
River Basin (LRB), which covers parts of Botswana, South Africa, Mozambique and Zim-
babwe. The LRCA constitutes the upper reaches of the LRB in South Africa. It is situated
in Limpopo Province [1], one of South Africa’s most agriculturally important provinces
[2,3]. The LRCA experiences a subtropical climate, which favours subsistence farming,
commercial crops and livestock farming [4], making agriculture the mainstay of the local
economy [5,6]. Commercial farming in this province involves the cultivation of coffee, tea,
citrus, mangoes, papayas (pawpaw), avocados, bananas, litchis and forestry in high rain-
fall areas of the Drakensberg and Soutpansberg Mountains [2,3,7], making it a key em-
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ployer in the region. Limpopo Province is one of the leading producers of maize and ex-
port fruits in South Africa [8], demonstrating its importance in food security and South
Africa’s cash economy. Maize is the main staple crop for the majority of people in South
Africa. Recurrence of drought and floods poses huge threats to the local economy. For
instance, droughts were reported in 1981/1982, 1982/1983, 1983/1984, 1986/1987,
1988/1989, 1989/1990, 1991/1992, 1994/1995, 2002/2003, 2004/2005, 2006/2007, 2007/2008
and 2009/2010, 2011/2012 and 2014/2015 [9], while the LRB as a whole experienced floods
in 1981, 1985, 1996, 1997, 1999-2001, 2003, 2008, 2010 and 2011 [10,11]. Studies have de-
fined a drought as an atmospheric hazard which is associated with continuous decreases
in precipitation over an extended period [12]. Depending on the time scale, extent, and
intensity of drought, different types of drought exist, and their definitions differ based on
the subject at hand [13].

On the other hand, a flood is a high flow of water, usually occurring after heavy rain-
fall which flows over the banks of a river or steep surface [11]. However, other causes of
floods are failures of dams to hold water during times of heavy rainfall, paved areas or
hard surfaces in built-up areas decreasing infiltration and increased runoff and blocked
pipes due to sediment deposition by flood water [14,15]. Riverine floods often occur in
areas that are close to the river [16]. Moreover, urbanisation, deforestation, poor agricul-
tural practices are some of the human-induced activities which increase the intensity and
frequency of droughts and floods [5].

In the LRCA, agricultural activities have been responsible for the destruction of ri-
parian vegetation [17]. The riparian vegetation has been over-utilised for firewood and
replaced by crops in the cultivated land and orchards [5]. The drought and floods which
are frequently experienced in the area are water-related natural disasters, which not only
affect crop yields, livestock productivity and water availability, but also vegetation [18].
For example, the 2000 floods made significant impacts on the lower Letaba and Luvuvhu
rivers. During these floods alien plants such as the Cocklebur, Sesbania and Ageratum were
washed into the area [5]. By contrast, the 1993 drought influenced the effect of upstream
activities that caused the low flows of the river. The LRCA has experienced some land
cover and land use changes, which include clearance of forest and shrub lands to make
space for small-scale agriculture and livestock grazing. These have been cited as the po-
tential cause of the reduced base flow of the Luvuvhu river [6].

In the LRCA vegetation is dominated by woodlands, grassland, thickets and bush-
land vegetation [5,17]. The riparian vegetation plays an important role in moderating the
impacts of flooding on surrounding areas, acting as a buffer or filter, preventing nutrients,
sediments and contamination from entering the river and acting as a buffer to erosion
through stabilisation of the river banks; therefore riparian vegetation should be con-
served. The main land uses within the LRCA are agriculture, forestry and settlements.
Large-scale vegetable farms are common near the Albasini Dam, and small-scale agricul-
tural land dominates the northern highlands [6]. Semi-commercial and small-scale farm-
ing is mostly practiced along the riverbanks. Farmers prefer to plant crops along the
riverbanks where the land is flat and fertile, especially in areas where water is easily ac-
cessible for agricultural activities [11].

In the LRCA, the main land uses include commercial dryland farming (10 percent),
commercial irrigation agriculture (3 percent), range land (50 percent), conservation areas
(30 percent) and urban areas (3 percent) [19]. Subsistence farming plays an important role
in reducing unemployment in the catchment area, where many people struggle with un-
employment. The LRCA is regarded as an economically poor and underdeveloped region,
where people practice farming and livestock management to sustain their livelihoods
[6,20].

Due to their financial and environmental impacts, floods often have devastating im-
pacts on crops and human life [16,21]. In rain-fed agricultural areas, floods are mainly
caused by erratic and heavy rainfall [22]. The physical causes of floods are linked to pre-
cipitation, topography, soil type and runoff, while contributing anthropogenic factors are
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usually associated with development and land use changes [11]. Flash floods, fluvial
floods, and riverine floods are fairly common in areas that experience erratic rainfall. Flash
floods occur after heavy or excessive rainfall has occurred within a short period of time
and they are prevalent in all terrains and landscapes [11,16]. Fluvial floods are distin-
guished from flash floods by a timescale of less than six hours [11]. Flash floods occur
within a short period of time with little chance to react. Riverine and fluvial floods usually
occur due to high rainfall in the high-altitude areas, or inflows of high-water volumes into
rivers after heavy rainfall [16].

In contrast, drought relates to a condition when there is a deficit of rainfall. There are
different types of drought, including meteorological, agricultural, hydrological and social
droughts. A meteorological drought is defined as the extent of precipitation departure
from normal in comparison with long-term average rainfall [23]. The prolonged abnormal
precipitation deficit affects the agricultural sector, especially in rain-fed agricultural areas
[24]. The occurrence of below-normal rainfall results in decreased cultivated land, which
affects yields from agricultural land [25]. Water shortages characterising times of drought
result in crop and livestock losses [25]. Better understanding the impacts of drought on
agriculture could allow farmers to adapt and develop ways that can enhance agricultural
production [26].

Agricultural drought on the other hand is a lack of soil moisture, causing decreases
in agricultural production and lack of water for livestock [23,27,28]. Agricultural drought
is triggered by a deficiency of precipitation over an extended period of time, which could
be weeks, months, a season or longer [29,30]. Lack of rainfall results in crop failure, thus
affecting food production [31]. It is important that pro-active adaptation measures are de-
veloped for rural communities to adapt to the changes in climate and occurrence of natu-
ral hazards, such as droughts and floods [32].

Hydrological droughts are associated with the effects of precipitation on surface or
subsurface water resources, including stream flows, ground water, reservoirs and lakes
[23,33]. Lack of rainfall during times of drought affects water availability in rivers and
dams which are used for irrigation [32].

Finally, socioeconomic droughts affect human life in terms of supply of and demand
for economic goods and services, and this type of drought is interrelated with meteoro-
logical, hydrological and agricultural droughts [23]. In rain-fed agricultural areas,
drought impacts negatively on livelihoods, employment and income from agricultural
production [26]. High frequencies of natural hazards, such as droughts and floods, in-
crease migration of people in search for jobs and often results in abandonment of agricul-
ture [34].

The LRCA is prone to extreme events (both floods and droughts), a situation which
undermines not only the viability of the agricultural economy but also agriculture-based
livelihoods in the catchment. However, while the occurrence of these hazards has been
brought to the fore in recent research, little is known about the actual effect of these haz-
ards on different agricultural activities and the degree to which different agricultural land
uses are vulnerable to these hazards. Therefore, the purpose of this study was to fill this
gap. In this paper, we use both climate and green indices to determine the relationship
between conditions that lead to drought and changes that occur in different categories of
land cover and land use types in the LRCA.

2. Materials and Methods
2.1. Study Area

The LRCA is situated in the Limpopo Province of South Africa (Figure 1). The
Vhembe District (VD), where the LRCA is located, is a remote area, affected by high rates
of poverty and unemployment [5]. In this district, agriculture is one of the main solutions
to these two problems. The Water Management Area (WMA) of Luvuvhu/Letaba contrib-
utes less than 1 percent of the country’s Gross Domestic Product (GDP), but agriculture,
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fisheries and forestry contribute 11.9 percent nationally [35]. The biophysical and environ-
mental conditions of the district favour agriculture, and that is the primary reason why
most of the people in the area rely on agriculture as a source of income and employment.
Subsistence farming is the dominant form of agriculture in the LRCA [5].
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Figure 1. Location of the Study Area: Luvuvhu Catchment Area of South Africa.

2.2. Meteorological Data

Climate data used in this study consist of gridded monthly rainfall data from the
Climate Research Unit (CRU TS4.04) for the period between 1960 and 2015. The latitude
and longitude grid points covering the Luvuvhu River Catchment Area (LRCA) for which
monthly rainfall data were downloaded are shown in Figure 1. The data were down-
loaded from Climate Explorer (https://climexp.knmi.nl/start.cgi (accessed 18 December
2020). The spatial resolution of the data is 0.5 x 0.5 degrees and the monthly rainfall data
cover a period of 55 years from 1960 to 2015. The study period spans a long enough time
to comply with the World Meteorological Organisation (WMO) standards, which require
a minimum of 30 years [29,33]. Monthly rainfall data were used to compute the SPI values
for each of the 15 grid points evenly distributed over the study area. The SPI values were
used to identify years of drought and above-normal rainfall [33]. Mckee et al.’s [36] clas-
sification of SPIs was used to identify drought, normal and above-normal rainfall years,
while VCI classification was adopted from Zambrano et al. [37] (Table 1).
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According to McKee et al.’s [36] classification, there are seven categories of SPI val-
ues, including those denoting near normal (—0.99-0.99), moderately wet (1.0-1.49), se-
verely wet (1.50-1.99), extremely wet (>2.0), moderately dry (-1.49—1.0), severely dry
(-1.99—1.50) and extremely dry (<-2.0) (with corresponding SPI ranges in brackets). The
years with SPI values within the range between -0.99 and 0.99 were identified as near-
normal years. The years with positive SPI values above 0.99 were identified as above-
normal years, which suggest possibilities of floods and SPI values below —0.99 identified
as drought years [38].

Station data were not used in this study because of inconsistencies in how rainfall
was recorded and gaps in the data.

Table 1. Drought classification scheme of SPI and VCL

Drought Classes SPI VCI
Extreme SPI < 20 0 < VCI < 10
Severe -2.0 < SPI < -15 10 < V(I < 20
Moderate -15 < SPI < -10 20 < VCI < 30
Mild -1.0 < SPI < 00 30 < V(I < 40
No drought 0.0 < SPI < 40 < VCI < 100

Source: [9,37].

Monthly rainfall data from October to April cover the agricultural season in the catch-
ment area. The three-month time scale of December, January and February (DJF), which
corresponds to the middle of the rainfall season, was used to assess rainfall variability in
the catchment area. The SPI_3 was used to assess the response of vegetation to precipita-
tion, as suggested by other authors [29,30]. The SPI_3 was selected because of high spatial
variability, which can be associated with short-term agro-meteorological anomalies that
can result in crop failure [1,39].

2.3. Remote Sensing Data

Long term Landsat data (1980-2015) were downloaded from the Earth Explorer
through the United States Geological Survey (USGS) site (https://earthexplorer.usgs.gov
accessed 10 December 2020), using WRS2 and 169 path and 76 row [6,30]. Before any anal-
ysis was done, the Landsat images were radiometrically and atmospherically corrected.
Images for April were considered due to the one-month lag response of vegetation to pre-
cipitation [40]. Values of vegetation indices were extracted using drawing marker algo-
rithms embedded in ArcGIS version 10.3. Landsat images with a cloud cover less than 10
percent and haze-free were used.

NDVI was calculated using the formula NDVI = (NIR - R)/(NIR + R), where R is the
visible red Band and NIR is the Near Infrared Band.

NDVI values range from -1 to +1; values close to —1 indicate vegetation with the
worst vigour and sparse vegetation and values from 0 to +1 indicate dense vegetation with
the best vigour. However, low NDVI values (0.1 or less) could also represent areas cov-
ered by barren rocks, sand or snow, while moderate NDVI values between 0.2 and 0.5
show sparse vegetation cover such as shrubs and grasslands. Dense vegetation, such as
temperate and tropical forests, reflect high NDVI values in an approximately 0.6 to 0.9
range [33]. The severity of drought can be measured by the actual NDVI of the current
month and long-term mean of NDVI [29].

The VCI was calculated from NDVI values. Mean VCI was calculated using ArcGIS
software by applying the cell statistics algorithm. The VCI was calculated using the for-
mula:

VCI = (NDVInax = NDVIimin)/(NDVImax + NDVImin)) x 100) 1)
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where NDVImaxand NDVI minare the monthly maximum and minimum, respectively. The
land cover and land use types found in the study area include grasslands, forest, wetlands,
subsistence farming, cultivated and irrigated lands. The VCI measures the severity of
drought on a scale that ranges from 0 to 100, with 0 indicating extremely dry conditions
and 100 high and healthy vegetation [41]. Where the VCl is calculated from the NDVI, it
is possible to classify drought according to Kogan’s (1990) classification [42], into extreme,
severe, moderate, and mild and no drought [43-45]. VCI values below 35 percent are an
indication of drought, VCI around 50 percent show fair vegetation health, and VCI be-
tween 50 and 100 percent indicate optimal or above-normal vegetation health [17]. Pear-
son Product Moment Correlation (PPMC) analyses were run to assess the relationship be-
tween SPI_3 and vegetation and specifically to determine levels of precipitation that were
responsible for particular states of vegetation condition. PPMC was employed for a num-
ber of reasons. First, both SPI_3 and VCI are continuous variables which are measurable
on a ratio scale. Secondly, there were no outliers in the data, while linearity was relatively
high. Thirdly, SPI_3 and VCI data were available for each of the years that were included
in the analyses. The following formula was used to calculate the correlation coefficients.

. nExy) — COEy)
JInEx2 — Ex)?[nYy* — Cy)?]

where p = correlation coefficient; x = SPI_3; and y = VCL

The assessment of the status of vegetation health using one or more indices is com-
mon, especially where vegetation indices are used in conjunction with meteorological in-
dices to assess the spatial and temporal characteristics of vegetation health [37].

)

3. Results

Figure 2 shows the temporal variability of SPI values for the LRCA for the period
between 1980 and 2016. The variability of SPI reflects the variability of drought severity
across the catchment. As shown in Figures 2 and 3, the three-month SPI values indicate
that there was a total of seven drought years since 1995/1996, with a severe one in
1996/1997 and an extremely severe one in 2001/2002. Since 1995/1996, there has been a
total of three severely wet years. Before 1995, rainfall was near normal. This confirms the
widely held general view that climate change is accompanied by extreme events. The re-
sults of this study differ from those of an earlier study by Nkuna and Odiyo [3], which
reported 1982/1983 and 1991/1992 as severely dry years. With SPI_3 values of -0.7 and
-0.8, respectively, 1982/1983 and 1991/1992 were years of near-normal rainfall. An extreme
drought was recorded in 2001/2002, when an SPI_3 value of -2.3 was recorded. During
this year, widespread crop failure and livestock deaths, as well as household food short-
ages, were reported in the catchment. Low precipitation leads to soil moisture deficit, per-
petuates agricultural drought, and reduces agricultural yields [46]. A study by Kogan et
al. [47] showed that the frequent occurrence of drought increases malnutrition and hun-
ger, which subsequently increases food insecurity. Rainfall plays a critical role in crop
production, since it is the main source of water for irrigation and livestock farming [48].
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temporal pattern of SPI_3, NDVI and VCI during the dry seasons at different croplands.

High rainfall, as indicated by SPI values close to +2, which were recorded in
1997/1998, 2002/2003 and 2004/2005, are characteristic of occurrence of flood events which
could also affect farming activities in the LRCA. Besides increasing livestock mortality
rates in areas characterized by poor adaptive capacity, excessive rainfall results in floods
and ponding, leading to conditions that are a conducive environment for the outbreak of
pests and diseases with negative impacts on crop yields [49-51]. Floods also destroy in-
frastructure, for instance, silos used to store agricultural harvests, and this increases food
insecurity [45], as well as roads, making transportation of agricultural produce difficult.

The years 1994/1995, 1997/1998, 2002/2003 and 2004/2005 were associated with SPI
values 21.0, indicating the severely wet conditions that characterized these years. In
2004/2005, relatively high SPI values were recorded in the catchment, reaching a maxi-
mum of 1.60, indicating that 2004/2005 was a severely wet year for the catchment.

While SPIs varied globally within the LRCA, when considering the entire timescale
(1980-2016), they also varied spatially from year to year, depending on local conditions,
as shown in Figure 3. The Landsat data for the 1980-2016 period depict 1991, 1992, 1995,
2003, 2015 and 2016 as the driest years, due to low vegetation vigour recorded in these
years (Figure 3). The lowest vegetation vigour was recorded in the northwestern and
southeastern part of the catchment, where the landscape is dominated by grassland, sub-
sistence farming and cultivated land. However, portions of areas in the northern part of
the catchment, which are characterized by wetlands and forests, recorded the highest veg-
etation vigour. Even though rainfall was low during the above years, wetlands and forests
managed to retain soil moisture, thus yielding a slow response of the vegetation to pre-
cipitation deficits. The lowest vegetation vigour was recorded in the southeastern parts of
the catchment. During the 1991 and 1992 rainfall seasons, higher SPI values were concen-
trated in the southwestern parts of the catchment area, which are dominated by wetlands,
commercial cultivation, subsistence farming and irrigated land. Thus, wet conditions
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were most prevalent in the northern and southern parts of the catchment. These areas are
dominated by forests and grasslands, and the dominant land uses include commercial
cultivation and subsistence farming.

In 1992, 1995, 2002 and 2015, low VCI values were recorded in the southeastern and
western parts of LRCA, though only a small portion of the catchment exhibited low veg-
etation vigour.

Forest, subsistence, and commercial cultivation land uses are the dominant land uses
in these areas. NDVI results for 1995 correlate highly with the SPIs, suggesting that rainfall
variability plays an important role in vegetation growth. The results indicate that drought
conditions were experienced towards the western and central northern parts of the catch-
ment, where large swaths of vegetation were severely affected. In 2002, NDVI values de-
picted the highest vegetation vigour in the northern part of the catchment area. In the
northern parts of the catchment, persistent good vegetation health depends on the deep
rooting systems that enable trees to access underground water. In the southeastern part,
which mostly comprises irrigated areas, the higher NDVIs are attributable to supplemen-
tary water supply in the irrigation systems that are operated there.

As noted in Figure 3, in 2014/2015 the northern and southern central parts of the
catchment recorded lower vegetation health compared with the rest of the catchment,
which recorded higher NDVI and VCI values. In contrast, the northwestern and south-
eastern parts of the catchment area, where vegetation is dominated by wetlands, grass-
land and forest cover, and where the dominant land uses include subsistence farming, as
well as commercial dryland and irrigation crop farming, recorded higher NDVI and VCI
values. Grassland areas are characterized by shallow rooting systems and tend to react
more quickly to changes in rainfall.

The period of 2015/2016 recorded very poor vegetation health conditions. While this
year received near-normal rainfall (Figure 2), the drought that occurred in the preceding
year had different effects on land uses and environmental conditions, including the state
of vegetation health in different locations in the catchment, as shown in Figure 3. Vegeta-
tion type plays a pivotal role in the ability of plants to respond to rainfall variability, es-
pecially in rain-fed agricultural areas. As stated earlier, the NDVI was used to assess
changes in vegetation health in different land use categories between 1991 and 2016. The
results (Figure 4) indicate that, during the drought years of 1992 and 2016, low NDVI val-
ues were recorded in all land cover and land use areas, suggesting that vegetation health
was negatively affected by low rainfall. During these years, vegetation in grassland areas
was characterised by low NDVI values. This is due to the quick response that grass has to
moisture deficit. To the contrary, irrigated and wetland vegetation showed a slower re-
sponse, because of the supplementary supply of water that keeps the soil moist.
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Figure 4. Spatiotemporal variation of NDVI in different croplands for the period 1991 to 2015 in
LRCA.

During the 1995 drought year, vegetation in irrigated and forested areas recorded the
highest NDVI values, compared with the rest of the catchment. High NDVI values indi-
cate favourable cropping conditions or healthy plants, including crops. Findings from a
study by Rimkus et al. [52] suggested that forest and irrigated lands are usually charac-
terized by high values of NDVI. During the 1995 drought, subsistence farming, cultivated
land and grassland areas recorded positive NDV values above 0.4, indicating that vegeta-
tion in these areas was fairly healthy. This is because the drought was moderate (Figure
2) and only had a mild effect on the environment. However, wetlands exhibited the lowest
NDVI values of -0.4 during that drought year, and the low NDVI recorded in wetland
areas could be due to the high sensitivity of wetland species to drought (Figure 4). The
prevalence of negative NDVI values in wetlands results from the abundance of water
caused by temporary flooding [53]. Other factors that prevent vegetation in wetlands from
experiencing optimal growth include lack of nutrients and diseases. In wetlands, the ac-
cumulation of excessive water in soils suppresses NDVIs [54].

Though 2011 was a relatively dry year, with an SPI value of -1.2 (Figure 2), vegetation
health in irrigated and wetland areas was high (Figure 4). This is due to continuous water
supply in these areas.

As stated earlier, healthy vegetation reflects high NDVI values and stressed vegeta-
tion mostly reflects low NDVI vales (Figure 4). With the exception of cases when the
ground is submerged, wetlands and irrigated areas record the highest NDVI values, a
reflection of high vegetation vigour and biomass. Due to the nature of conditions in wet-
land ecosystems, this vegetation is least affected by climatic factors such as drought. On
the other hand, subsistence farming areas were associated with the lowest NDVI values
due to the fact that the natural vegetation and agricultural crops in these areas mostly
depend on rainfall and are to some extent affected by the low water holding capacity of
the soil in these areas. In forests, due to the ability of trees to access underground water
through their well-established deep rooting systems, vegetation is least affected by rain-
fall variability. In subsistence and grazing areas, vegetation changes resulting from defor-
estation also contribute to low NDVIs. Similarly, NDVIs for grasslands are reduced by
overgrazing, especially in drought years.

Figure 5 provides a summary of the results which were obtained when VCI and SPI
values were correlated. Only grasslands and subsistence farming areas exhibited signifi-
cant correlation between VCI and SPI, with correlation coefficients of 0.8166 (p = 0.0022),
and -0.6172 (p = 0.0431), respectively. As shown by these results, in these areas rainfall
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variability had a higher impact on vegetation than in other areas. Vegetation and crops in
subsistence farming areas rely on rains as the main source of water supply, compared
with other areas. The relatively high VCI values in forest and woodland areas arise from
the fact that vegetation in these areas does not rely on natural rainfall only, but also on
available groundwater. In general, trees have deeply rooted systems which enable them
to draw water from the phreatic zone, unlike shallow-rooted plants in natural grasslands
and subsistence farming areas.

Grassland
80
70 2 -
- 60 4————"
3 4 y = 0.6987x + 59.92
> 0 R2=0.6668 r = 0.8166
2 p =0.0022
10
0
-8 -6 -4 -2 0 2 4
SPI_3
Forest
120
y = 0.4683x + 64.061
100 ¥ R:=0.2862 r=0.5349
< 80 - p=0.090 _ =
= 60 —y—
5 | ] | | -
> 40
20 .
0
-10 -8 -6 -4 -2 0 2
SPI 3
Subsistence Tarming
(1]
= | |
=1y
E L . ] ..
< = . s
T w | y=-.13022x+58.861
- 'g Ri=0.3809 r= -0.6172 =
o p = 10,0431
L]
& 4 . (1] 2

SPIL_3




Land 2021, 10, 527

12 of 17

Wetland
120
100 | |
;\: 80 - . 1 -
—~ 60
@)
> 4 y =3.7041x + 67.429
20 u R2=0.1824 r=0.4270
p =0.1902
0 L
-6 -4 -2 (1] 2 4
SPI 3
Cultivated land
90
80 | | | |
70 n | |
260 /'*'T
E\, 50
o 40 y =2.4458x + 67.721
> 30 R2=0.2741 r =0.5236
20 p =0.0983
10 | |
0
-8 -6 4 -2 0 2 4
SPI 3
Irrigated
120
(L] | u
- | ]
™ []
= & - u u
S ® ¥ = 2.602x + 72.463
. B =0.1349 r=0.3673
P=0.2664
i} L
® & 4 2 {1 2 4
SPI_3

Figure 5. Relationship between SPI and VCI on different land usages.

4. Discussion

An important finding of this study is that, although there is intermittent occurrence
of wet and drought conditions due to high rainfall variability within the LRCA, as shown
in the results of this study, there is an emerging trend showing dominance of negative SPI
values. The results of this study clearly demonstrate that the climatic hazards that are
most prevalent in the LRCA are more associated with rainfall deficit than with excessive
rainfall. The dominance of negative SPI values in the time series signifies increasing arid-
ity. Precipitation plays a pivotal role in determining crop growth and insufficient rainfall
reduces plant vigour, depending on the nature of land cover or land use conditions [55].
This is clearly demonstrated in the results of this study, which show recurrence of severe
droughts in the LRCA. This confirms the validity of earlier research, which demonstrated
that rainfall is poorly distributed within the LRCA, while data are often inaccurate and
difficult to obtain in near real time [56].
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The second important finding of the study is that subsistence farming areas are the
most vulnerable to drought conditions. While this has been noted in the corpus of litera-
ture on drought occurrence in the Limpopo Basin for instance [16,21,22], a new finding
emerging from the current study is the drought-induced prevalence of low vegetation
health in shallow-rooted cropping areas where subsistence farming is mostly practiced.
During drought years, NDVIs in subsistence farming areas are low, compared with those
in commercially cultivated and forested areas. In the LRCA, the majority of farmers prac-
tice subsistence farming, hence the recurrence of drought conditions in the catchment
poses a huge threat to the majority of farmers, whose only means of livelihood is subsist-
ence agriculture. However, it should be noted that in Limpopo Province as a whole, un-
reliable rainfall and increasing temperatures hinder farmers from achieving high yields
[18]. Any limits imposed on food production means that rural poverty will worsen among
people who depend on agriculture for their livelihood. A study by Maponya and Mpan-
deli [4] suggests that a decline in agricultural production will not only affect the people in
Limpopo Province but the whole of South Africa, since the province constitutes part of
the breadbasket of the country. The results of this study confirm findings from earlier
research which reported Limpopo Province as getting drier as a result of increasing fre-
quency of droughts [1]. Previous research has shown that in some parts of the province
farmers often sell their livestock as a way of coping with drought conditions [57].

The third key finding of this study is the strong correlation between SPI and VCI
values. This is not surprising considering that rainfall is the main source of water supply
in the LRCA. However, with the exception of subsistence farming areas, this relationship
is positive for all land uses in the catchment, though it is only statistically significant for
grassland areas. To the contrary, in the subsistence farming areas, the correlation between
SPI and VCI is negative. Poor performance of vegetation in these areas can be attributed
to low soil fertility, deforestation, high stocking densities and poor land management and
farming skills, as well as high levels of poverty. Due to poverty, most subsistence farmers
are unable to procure agricultural inputs, hence the low NDVIs, which signify poor crop
health. This limitation is worsened by poor land management and farming skills and
tends to increase food insecurity in the catchment. Based on this reality, policy makers
need to take into consideration the heterogeneity of land uses in the LRCA in order to
make relevant policies to reduce food insecurity and avert famine in the catchment, in-
cluding policies that render support for subsistence farmers to shift from growing shal-
low-rooted crops to deep-rooted crops through establishment of orchards. With income
derived from sales of produce, the farmers can acquire food for their households.

In this study, we not only demonstrated the need to assess the impacts of climate
hazards on all land cover and land use conditions, but also the importance of employing
remote sensing and GIS in these assessments. Earlier research has established that Lim-
popo Province is affected by inter-annual rainfall variability which subjects the province
to drought [58], though drought occurs in all climatic zones [59]. Drought and flood anal-
yses require continuous and rapidly acquired data, yet access to such data is difficult and
expensive [56], while meteorological data may not be available, especially in Africa. The
evolution of new technologies such as remote sensing and GIS techniques may be the only
available source of data required to monitor and assess droughts and floods [60]. The use
of remote sensing and GIS easily allows monitoring, retrieving, storing and manipulating
of data and enables the data to be used in the analysis of risks and natural hazards such
as drought and floods [17]. Timely and accurate information is regularly required by au-
thorities to locate and identify areas affected by droughts and floods so that appropriate
mitigation strategies can be implemented [17]. The mitigation of droughts and floods re-
quires relevant information in real time [61], a need demonstrated in the results of this
study. Moreover, timely prediction and monitoring of a climate phenomenon require con-
tinuous real-time data. It is not possible to effectively collect continuous data using con-
ventional methods [24,48]. Traditional methods of assessing droughts and floods rely on
rainfall data, which is limited. Due to the high variability of rainfall in the LRCA, careful
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planning and sound policies are needed in order for food security to be realized, hence
the need for accurate environmental assessment. Remote sensing tools offer excellent pos-
sibilities of collecting this vital data [62]. Satellite technology collects long-term data con-
tinuously, near real time and can collect large amounts of information [63].

The application of different indices provided a mechanism for validating the results
of this study. However, the degree to which the indices unveiled the presence or absence
of climate hazards or the extent to which these indices correlate with each other differs
according to local conditions, including nature of land cover and land use, as well as due
to prevailing environmental conditions. For example, wetlands recorded low NDVIs
when submerged, while they recorded high NDVIs under drought conditions. This is be-
cause the response of vegetation depends on the amount, intensity and distribution of
precipitation [64], as well as location specific conditions such as nature of land cover and
land use.

The results of this study indicate that the recurrence of extreme climate events
brought about by climate change, namely floods and drought, are a threat to food security
in the LRCA. Earlier studies [9,65] indicated that changes in rainfall patterns in the LRCA
are a threat to the production of maize, the main agricultural in the catchment. Therefore,
developing drought-tolerant cultivars of maize or drought-resistant crops such as sor-
ghum and millet has to be considered as an adaptation priority strategy by subsistence
farmers in the LRCA. Farmers need to be trained to make better use of weather forecast
data to enable them to adjust their operations based on seasonal rainfall forecasts. Gov-
ernment support is required to ensure that the opportunity to implement this strategy is
not missed. Lack of agricultural support to farmers exposes farming communities to nat-
ural hazards such as drought [66]. Due to their poor economic status and the under-de-
velopment of the catchment, farmers in the LRCA, who depend on rain-fed farming to
produce food, require increased support to enable them to acquire irrigation equipment
and mitigate the impacts of drought in the catchment. The dependence on low rainfall for
crop production reduces yields in areas dominated by shallow-rooted crops such as
maize, sorghum and millet, and limit farmers’ contribution to food security. In range-
lands, which are fragile, farmers need to decrease stocking rates in order to reduce reliance
on diminishing pastures and reduce overgrazing. This is likely to be the biggest hurdle as
many communal farmers in South Africa regard livestock holding as a symbol of wealth.

In concluding this discussion, it is worth noting that this study was not based on data
from meteorological stations. Station data were not used in this study because of incon-
sistencies in how rainfall was recorded and gaps in the data. Hence, the precipitation data
that were used to computed SPI values were CRU-TS (4.04) gridded data. Lack of mete-
orological station data is a problem prevalent not just in South Africa, but in most devel-
oping countries.

5. Conclusions

As shown in the results of this study, the climate of the LRCA is changing, as signified
by increasing rainfall variability and drought recurrence. There is heterogeneity in the
impacts of drought, depending on land cover and land use, and subsistence farming areas
are the most vulnerable compared with other land use types. The growing of drought
resistant crops could be one of the short-term strategies of reducing food insecurity and
chances of famine. However, a longer-term strategy could involve policies that support
subsistence farmers to shift to deep-rooted cropping systems that generate income for
their households. Government support is needed to ensure that farmers receive technical
skills that will enable them to shift from shallow-rooted to deep-rooted crops. The appli-
cation of remote sensing and GIS to promote the quality of environmental monitoring
constitute part of the technical skills needed in the implementation of food security en-
hancement strategies. A shift from subsistence farming to this semi-commercial, orchard-
based farming system would be a form of livelihood diversification in the catchment.
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However, the viability of all these strategies requires both technical support and further
research.
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