Applicability of CHIRPS-based
satellite rainfall estimates

for South Africa
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Long-term rainfall data with good spatial and temporal distribution is essential for all climate-
related analyses. The availability of observed rainfall data has become increasingly problematic

over the years due to a limited and deteriorating rainfall station network, occasioned by limited
reporting and/or quality control of rainfall and, in some cases, closure of these stations. Remotely
sensed satellite-based rainfall data sets offer an alternative source of information. In this study,
daily and monthly rainfall data derived from Climate Hazards Group InfraRed Precipitation (CHIRPS)
is compared with observed rainfall data from 46 stations evenly distributed across South Africa.
Various metrics, based on a pairwise comparison between the observed and CHIRPS data, were
applied to evaluate CHIRPS performance in the estimation of daily and monthly rainfall. The results

show that CHIRPS data correlate well with observed monthly rainfall data for all stations used,

having an average coefficient of determination of 0.6 and bias of 0.95. This study concludes that
monthly CHIRPS data corresponds well, with good precision and relatively little bias when compared
to observed monthly rainfall data, and can therefore be considered for use in conjunction with
observed rainfall data where no or limited data is available in South Africa for hydrological analysis.

INTRODUCTION
South Africa is largely a semi-arid country
with a mean annual rainfall of about
450 mm/year (Botai et al 2018). Due to the
variable topography, the climate varies from
desert and semi-desert in the dry northwest-
ern region, to sub-humid and wet along the
eastern and coastal areas (Dinar et a/ 2008).
The country is water-stressed, with high tem-
poral and spatial variability. The high vari-
ability of rainfall across South Africa makes
it vulnerable to extremes in climate which
impact on agriculture, water resources, and
the economy at large (Phakula et a/ 2018).
Analysis of rainfall variability and
trends require long-term rainfall data that
is adequately distributed and consistent
with time. Gauged rainfall stations have in
the past been the primary source of rainfall
data. However, there is inadequate spatial
coverage of the current rain gauge net-
works. Pitman (2011) provided a worrying
picture of the declining number of rainfall
monitoring stations in South Africa coupled
with poor documentation of hydrological
events. Comparing monitoring stations
in South Africa between 1970 and 2004, a
decline in the number of functional rainfall
stations of almost 50% was reported. The
number of stations in 2004 was equivalent
to the same number of stations that were
available in 1920 (Pitman 2011). The World

Meteorological Organisation (WMO) rec-
ommends that at least one rainfall recording
station per 100—250 km? is required for
meaningful information (WMO 2008).
Studies by Makapela et al (2015) further
highlight that the South African Weather
Service (SAWS) and the Agricultural
Research Council (ARC), respectively, had
about 1 650 and 500 rainfall stations at
varying timescales since 1836 and 1940.
Furthermore, SAWS has approximately 12
ground radar stations. Measured against
WMO criteria, South Africa is short of
about 2 700 rainfall stations. The available
data is also observed to have some recorded
errors, missing data, and in some cases
stations were closed for a considerable
period. There has thus been an increasing
need for satellite-based rainfall data to
complement the declining gauged and radar
rainfall data in South Africa. Satellite-based
rainfall estimates are advantageous as they
provide information with a high spatial

and temporal resolution over large regions
where gauged rainfall data is limited or not
available. However, satellite-based rainfall
estimates have limitations, with uncertainty
over their accuracy of measurement (Funk
et al 2015). This is mainly due to satellite
sensors that detect proxy variables and use
relationships with gauged rainfall to com-
pute rainfall estimates (Toté et al 2015).
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Currently, there are a number of
satellite products which provide more
than 30 years of rainfall time series data.
These are the Climate Prediction Centre
(CPC), combined with Merged Analysis of
Precipitation (CMAP) (Xie & Arkin 1997),
the Global Precipitation Climatology Project
(GPCP) (Adler et al 2003), African Rainfall
Climatology version 2 (ARC2) (Novella &
Thiaw 2013), and the Tropical Applications of
Meteorology using Satellite and ground-based
observation (TAMSAT) rainfall estimates
(Dinku et al 2014). The GPCP and CMAP
have long time series going back to 1979, but
with coarse spatial (2.5° latitude/longitude)
and monthly temporal resolutions. These
products also combine data from different
sources with unique weightings for each year,
depending on the availability of data; hence
trend and variability analysis based on these
products are likely to be misleading (Dinku
et al 2014). ARC2 and TAMSAT products
have a high spatial resolution, 0.1° and
0.0375° respectively, and are available at daily
intervals. These two sources, however, have a
limitation of possible inconsistencies arising
from the Global Telecommunications System
(GTS) which is attributed to the unavailability
of daily GTS gauge reports in real-time. The
data is also only available in Africa.

Climate Hazards Group InfraRed
Precipitation (CHIRPS) is a relatively new
product with good spatial (0.05° latitude/
longitude) and temporal (daily, 5-days, and
decadal) resolutions with almost worldwide
coverage. CHIRPS provides rainfall data
estimates dating from 1981, which incorpo-
rate satellite information in the data produc-
ing algorithm, but has been observed to lack
homogeneity in areas where station data is
inconsistent over time (Funk et al 2015).

Due to the uncertainties in accuracy
posed by satellite rainfall projections, assess-
ment and validation studies have been car-
ried out by several researchers for different
climatic and geographic locations. These
include, amongst others, Hirpa et al (2010),
Paredes-Trejo et al (2017) and Dinku et al
(2018). Most of these studies have focused
on the challenges of extracting satellite rain-
fall data over complex topographies. The
general observation of the different studies
has been that the accuracy of satellite
rainfall estimates vary greatly with climate,
topography and seasonal rainfall patterns.

This study aims to examine satellite-
derived rainfall projections using CHIRPS
for South Africa by comparing the CHIRPS-
based rainfall estimates with observed rain-
fall at rain gauge stations. Rainfall estimates
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for the different rainfall categories, and their
variations within a spatial and temporal con-
text, were evaluated in this research. CHIRPS
was selected because of its high spatial and
temporal resolution. It also covers at least 30
years of global rainfall sufficient for valida-
tion, using in situ rain gauge measurements
(or data). Uncertainties relating to how
CHIRPS-based rainfall data compares with
observed rain gauge data for different rainfall
categories, over the seasonal and spatial con-
text, were investigated in this study.

MATERIALS AND METHODS

Study area

South Africa lies between the coordinates
22.1° to 34.8° south and 16.4° to 33.0° east.
The region is classified as semi-arid having
variation in climate and topography from a
narrow coastline giving way to mountain-
ous escarpments into the high inland pla-
teaus. South Africa has an area of approxi-
mately 1.22 million km?2 and its neighbours
are Botswana, Lesotho, Mozambique,
Namibia, Swaziland and Zimbabwe.

The interannual periodic variation of
rainfall in South Africa is mostly controlled
by El Nifio and La Nifia southern oscillations.
The El Nifio Southern Oscillation phase
(ENSO) results in a decreased rainfall and an
increase in temperature, while La Nifa causes
the opposite (MacKellar et a/ 2014). This
interaction between ocean and atmosphere,
resulting in cyclic fluctuations of sea surface
temperature (SST), determines the wetness
or dryness within a given cycle (Lester 2019).
The climate of South Africa is characterised
by four seasons, i.e. spring (September,
October, November), summer (December,
January, February), autumn (March, April,
May), and winter (June, July, August). There
are three distinct regions, i.e. summer, winter
and all-year-round precipitation (Figure 1).
The all-year-round rainfall is confined to the
southern coastal belt. Summer is the wettest
season, with winter the driest season for
most of the country, except for the Western
Cape region where the opposite is true. This
region experiences a wet winter as a result of
the effects of the cold Benguela current and
the northward displacement of high-pressure
systems, causing winter rainfall, while the
warm, moist Indian ocean currents along
the southern coastal belt produce an all-year
rainfall along the southern coast and the
inland plateau which mainly experiences wet
summers with thundershowers (Du Plessis &
Schloms 2017). The varied topography and
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climate across the region offer an opportunity
for the validation of CHIRPS-based rainfall
data as a complementary source of daily rain-

fall data over the country.

Rain gauge data

South Africa has a relatively good network of
rainfall recording weather stations compared
to the rest of Africa and much of the southern
hemisphere (Easterling et a/ 2000; New et

al 2000). Pitman (2011), however, reports

a considerable decrease in the number of
operational rainfall recording stations in
South Africa over the last quarter of the 20th
century through to the first decade of the 21st
century. Despite the relative paucity of rainfall
recording stations, the existing network still
makes it possible to have a pool of stations
that can be sampled for purposes of compari-
son and validation of CHIRPS-based rainfall
data. A representative sample, well distributed
over the country, of 71 stations with daily
rainfall data for the past 100 years was
obtained from SAWS and subjected to data
quality and homogeneity analyses, resulting
in a total of 46 stations being considered as
useable stations for this study. Stations with
more than 10% missing data, and those estab-
lished to be inhomogeneous, were discarded.
The distribution of the selected homogenous
stations across South Africa is illustrated

in Figure 1. Rainfall stations selected are
particularly scarce in the dry Northern Cape
(ringed in Figure 1). This motivates the need
for an alternative (supplementary) rainfall
data set to provide insight regarding trends in
the variability of regional rainfall, and trends
required for water resource studies.

CHIRPS-based data

While only a brief overview of the CHIRPS
has been provided here, a detailed descrip-
tion was provided by Funk et a/ (2015).
CHIRPS provides daily precipitation data at
a spatial resolution of 0.05° for a quasi-global
coverage of 50°N — 50° S from 1981 to near-
present. The latest version (version 2.0) can
be obtained from https://data.chc.ucsb.
edu/products/CHIRPS-2.0/africa_daily.
CHIRPS data is estimated using an algorithm
which combines data from the Climate
Hazards group Precipitation climatology
(CHPclim), created using rain gauge data
collected from the Food and Agriculture
Organisation (FAO), Global Historical
Climatology Network (GHCN), and the
Cold Cloud Duration (CCD) information;
based on thermal infrared data archived
from the Climate Prediction Centre (CPC)
and National Oceanic and Atmospheric
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Figure 1 Map of South Africa showing the distribution of the 46 selected homogenous rain gauge stations

Administration (NOAA); the National
Climate Data Centre (NCDC), version 7
TRMM 3B42 data; the version 2 atmospheric
model rainfall field from the NOAA Climate

Forecast System (CFS); and the observed rain

gauge data from multiple sources.

The process to derive the available
(via link provided) CHIRPS data is well

Table 1 List of validation statistical metrics used in the validation of the CHIRPS rainfall data

. L. . Optimal
value
2

2|

Coefficient of determination

Bias

Mean Error

Mean Absolute Error

Root Mean Squared Error

Nash Sutcliffe Model Efficiency Coefficient

Where:
G = observed precipitation data from SAWS
S = CHIRPS rainfall data
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described by Funk et al (2015) and can be
summarised as follows:

The CCD data is calibrated with the
TRMM 3B42 data to generate the 5-day
CCD-based precipitation estimates. These
estimates are then translated into fractions of
the long-term mean precipitation estimates.
The fractions are then multiplied with
CHPclim data to remove the systematic bias
and to derive the CHIRPS data. The CHIRPS
data is then finally blended with rainfall
recording stations data, using a modified
inverse distance weighting algorithm, to
produce the final CHIRPS data set. These
processes are performed at a 5-day timescale.
The daily CCD data and daily CFS data are
then used to disaggregate the 5-day products
to daily precipitation estimates using a simple
redistribution. The data is downloaded in
raster format and thereafter extracted for
each station for use in comparative analysis,
using the described methods.

Evaluation methods

For evaluation purposes, six commonly
used pairwise statistical metrics (comparing
observed gauged daily rainfall data with the
daily data as provided in the CHIRPS data
set) were used following Duan et a/ (2016)
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Table 2 Statistical results for the pairwise comparison of daily CHIRPS versus daily observed rain gauge data

Piketberg SAPD 0062444 7 Winter 0.03 093 0.09 1.87 6.60 -1.27
2 SAA 0020866 9 Winter 0.02 0.73 043 2.28 740 0.58
3 Cape Point 0004891 1 Winter 0.05 1.07 -0.07 1.67 5.75 -1.80
4 Grabouw 0006039 7 Winter 0.03 0.61 1.09 3.61 10.97 -0.38
5 Steinkopf 0244405 5 Winter 0.04 0.76 0.09 0.55 2.66 -0.18
6 Laingsburg Mun 0045611 7 All-Year-Round 0.04 0.68 0.13 0.58 2.76 -0.08
7 Prince Albert TNK 0048043 2 All-Year-Round 0.06 091 0.04 0.76 322 -0.08
8 Lotteringbos 0031507 8 All-Year-Round 0.01 0.76 0.63 4.06 12.04 -0.52
9 Witelsbos 0032209 3 All-Year-Round 0.01 0.76 0.68 4.27 12.23 -0.61
10 Humansdorp 0017452 7 All-Year-Round 0.01 0.88 0.20 2.82 9.52 -043
11 Grahamstown TNK 0057048A9 All-Year-Round 0.03 093 0.12 2.69 7.89 -047
12 Klipfontein 0074363 3 Summer 0.1 0.88 0.09 1.04 3.59 -0.02
13 Winterhoek 0095823 X Summer 0.06 0.86 0.14 145 5.10 -0.11
14 Bloemhof 0096272 1 Summer 0.09 0.92 0.08 1.28 4.26 -017
15 Katergbos 0100329 1 Summer 0.01 0.72 0.68 3.52 10.07 -0.28
16 Hogsbackbos 0078755 8 Summer 0.04 0.69 095 394 10.29 -0.28
17 Amatola State Forest 0079490 X Summer 0.04 0.79 0.53 342 9.36 -0.27
18 Kei Rod Pol 0080072 8 Summer 0.03 1.02 -0.03 314 9.96 -0.32
19 Richmond TNK 0142805 X Summer 0.12 091 0.08 118 4.22 -0M
20 Exwell Park 0101192 X Summer 0.09 1.29 -0.34 1.94 5.58 -040
21 Xhora Prison 0127298 5 Summer 0.03 1.21 -0.32 273 8.10 -0.40
22 Cwebe Nature Reserve 0104762 6 Summer 0.02 0.88 0.33 4.51 13.24 -0.24
23 Silaka Nature Reserve 0129007 4 Summer 0.02 1.14 -0.36 4.46 12.02 -0.57
24 Engcobo Prison 0125880 X Summer 0.06 113 -0.21 277 7.56 -0.35
25 Sterkstroom 0123062 2 Summer 0.07 1.08 -0.09 1.85 5.59 —26.00
26 Burgesdorp Pol 0174600 4 Summer 0.10 115 -0.16 1.65 5.26 -0.24
27 Zastron TNK 0204138 1 Summer 0.13 1.15 -0.22 217 6.35 -0.23
28 Philipolis Pol 0200466 9 Summer 0.06 1.06 -0.06 147 5.28 -0.21
29 Petrusville Pol 0199275 1 Summer 0.14 1.00 0.00 1.22 419 -0.08
30 Hopetown TNK 0227127 X Summer 0.11 0.81 0.17 112 4.20 0.00
31 Nuwejaarskraal 0255202 9 Summer 0.08 1.14 -0.08 0.96 3.77 -0.21
32 Thornlea 0284008 4 Summer 0.06 0.81 0.10 0.74 3.50 -0.05
33 Richmond SAP 0239472 3 Summer 0.04 0.83 043 3.65 10.03 -0.13
34 Balfour 0440129 8 Summer 0.07 1.03 -0.05 2.55 7.34 -0.18
35 De Emigratie 0443196 2 Summer 0.12 1.08 -0.16 2.75 7.54 -0.20
36 Bothaville Mun 0400203 4 Summer 0.06 0.88 0.18 219 7.28 -0.07
37 Boetsap Pol 0359808 X Summer 0.13 094 0.07 1.56 522 -0.03
38 Morokweng 0467487 5 Summer 0.04 1.1 -0.08 1.22 518 -0.48
39 Ottoshoop Pol 0508825 8 Summer 0.08 0.96 0.06 210 6.84 -0.09
40 Swartsgen Pol 0510308 6 Summer 0.08 0.96 0.07 2.32 743 -0.10
4 Premier Mine Cullinan 0514010 X Summer 0.06 097 0.05 272 8.38 -0.18
42 Kungwini Local Mun 0514408 X Summer 0.05 1.00 0.00 2.71 9.03 -0.14
43 Machadodorp 0517430 6 Summer 0.07 0.97 0.06 3.03 8.09 -0.27
44 Naboomspruit 0590361 X Summer 0.1 0.86 0.23 2.10 6.63 -0.01
45 Haenerstburg 0678776 7 Summer 0.09 1.17 -0.32 312 10.03 -042
46 Klein Australié 0723363 X Summer 0.16 1.25 -0.81 5.09 16.43 -047
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Figure 2 Daily CHIRPS rainfall data versus observed rain gauge data: Cape Point (1987-2019)

and Dinku et al (2018). The equations and
optimal values of the metrics are summa-
rised in Table 1 on page 45. The coefficient
of determination (R2) describes the degree
of collinearity between observed rain gauge
data and the CHIRPS-based rainfall data,
and further depicts the proportion of the
variance in observed rainfall data explained
by the CHIRPS rainfall product. Bias, mean
error (ME), mean absolute error (MAE), and
root mean square error (RMSE) were also
used to support the analysis.

It should be noted that the validation
results are specific to the station networks
used and represent accuracy levels in places
where station data is available and has been
used in this study.

RESULTS AND DISCUSSION

Validation at a daily time-step
Scatter plots of daily precipitation from
CHIRPS-based rainfall data against observed
rain gauge data for all the stations show a
large scatter, as illustrated by a typical exam-
ple (Cape Point with R? = 0.05) in Figure 2.
The large scatter is an example
of expected poor agreement between
CHIRPS-based rainfall data and observed
rainfall data at a daily time-step. CHIRPS
data is obtained by an algorithm that
combines different data sets obtained by
different procedures and then blended
into one product. Daily CHIRPS data is
obtained through the disaggregation of
estimated 5-day rainfall data. The process
followed at arriving at daily CHIRPS rain-
fall data anticipates several factors that may
lead to a poor agreement with observed
rain gauge data. These include possible
satellite sampling errors, errors in estima-
tion algorithms, data blending algorithms,
bias correction algorithms, disaggregation
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procedures, and use of unrepresentative
data in bias correction (Duan et al 2016).
The results of statistical metrics at a daily
timescale are summarised in Table 2, and its
average values are illustrated in Figure 3. The
average coefficient of determination (R?) is
0.06. This value is extremely low, indicating
a lack of correlation between daily CHIRPS-
based rainfall data and observed rainfall
data as anticipated by a typical scatter plot
in Figure 2. The average NSE value of —0.83
further suggests that CHIRPS-based rainfall
data is not best at estimating the daily mean
rainfall. Bias is relatively good with an
average 0.95 out of an optimal value of one.
ME and RMSE values are relatively high,
suggesting a relatively low correspondence
between the observed rainfall data and
the CHIRPS-based rainfall data at a daily
time-step.

Validation at monthly time-steps
The daily precipitation data for both
CHIRPS and observed rain gauge data was
accumulated to monthly totals and a similar
statistical evaluation, as done for the daily
time-step series conducted. Monthly scatter

R2

NSE BIAS

o NN~ OV o

RMSE ME

MAE

Figure 3 Summary of average daily statistics
for the CHIRPS versus rain gauge
data taken from Table 2

plots, providing an overview of the expected
relationship between CHIRPS-based
rainfall data and observed monthly rainfall
data, are illustrated by the typical example
in Figure 4, showing scatter plot for the
Ottoshoop Pol station with an R? of 0.78.
Compared to the performance of the
daily data analysis, monthly CHIRPS rain-
fall data and the observed rain gauge data
exhibit significantly stronger correlation.
The results of the statistical metrics for the
comparison are summarised in Table 3.
The coefficient of determination ranges
from a minimum of 0.35 to a maximum
of 0.78, with a mean value of 0.6, as shown
in Table 3 and illustrated in Figure 5.
These values indicate the existence of a
reasonable correlation between monthly
CHIRPS-based rainfall data and observed
rain gauge data, as also suggested by the
scatter plot in Figure 4. Bias is observed to
be good with an average of 0.95 out of an
optimal value of 1. The distributions of the
coefficient of determination and bias across
South Africa are illustrated in Figures 5
and 6 respectively.

CHIRPS (mm/day)

100

Gauged rainfall data (mm/day)

150 200 250 300

Figure 4 Monthly CHIRPS rainfall data versus gauged rainfall data for Ottoshoop Pol station

(1987-2019)
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Table 3 Monthly statistical results for the pairwise comparison of CHIRPS-based data versus observed rain gauge data

Piketberg SAPD 0062444 7 Winter 0.76 093 193 12.46 53.09 0.71
2 SAA 0020866 9 Winter 0.77 0.73 n.71 17.82 55.73 0.56
3 Cape Point 0004891 1 Winter 0.56 1.07 -3.07 12.93 52.75 0.33
4 Grabouw 0006039 7 Winter 0.73 0.61 3093 36.57 58.08 0.38
5 Steinkopf 0244405 5 Winter 048 0.76 245 793 14.05 040
6 Laingsburg Mun 0045611 7 All-Year-Round 0.55 0.68 3.80 763 12.90 0.39
7 Prince Albert TNK 0048043 2 All-Year-Round 045 091 093 10.14 15.77 0.38
8 Lotteringbos 0031507 8 All-Year-Round 0.37 0.76 16.44 30.72 55.69 0.19
9 Witelsbos 0032209 3 All-Year-Round 0.35 0.76 17.76 33.89 52.95 0.14
10 Humansdorp 0017452 7 All-Year-Round 042 0.88 393 23.76 43.09 0.35
11 Grahamstown TNK 0057048A9 All-Year-Round 0.39 093 0.99 24.78 4443 0.29
12 Klipfontein 0074363 3 Summer 0.56 0.88 1.82 11.09 1749 049
13 Winterhoek 0095823 X Summer 0.51 0.86 294 15.46 25.68 042
14 Bloemhof 0096272 1 Summer 0.71 0.92 1.19 11.01 56.06 0.62
15 Katergbos 0100329 1 Summer 0.55 0.72 17.75 3375 52.79 0.30
16 Hogsbackbos 0078755 8 Summer 0.59 0.69 25.54 36.96 57.52 0.34
17 Amatola State Forest 0079490 X Summer 0.56 0.79 16.05 33.21 51.01 0.50
18 Kei Rod Pol 0080072 8 Summer 0.50 1.02 -4.69 2773 4948 0.38
19 Richmond TNK 0142805 X Summer 0.62 091 1.25 11.99 21.78 0.53
20 Exwell Park 0101192 X Summer 0.70 1.29 -11.65 17.30 2642 0.52
21 Xhora Prison 0127298 5 Summer 0.38 1.21 -12.02 30.59 46.94 0.25
22 Cwebe Nature Reserve 0104762 6 Summer 048 0.88 7.20 41.01 86.18 042
23 Silaka Nature Reserve 0129007 4 Summer 043 1.14 -13.69 3941 61.67 0.30
24 Engcobo Prison 0125880 X Summer 0.56 113 -8.74 2717 42.06 047
25 Sterkstroom 0123062 2 Summer 0.70 1.08 —4.22 15.87 24.62 0.63
26 Burgesdorp Pol 0174600 4 Summer 0.58 1.15 -6.26 18.49 60.44 049
27 Zastron TNK 0204138 1 Summer 0.66 1.15 -842 21.71 3447 0.59
28 Philipolis Pol 0200466 9 Summer 0.59 1.06 =271 15.71 26.18 0.54
29 Petrusville Pol 0199275 1 Summer 0.71 1.00 -1.39 12.02 2133 0.61
30 Hopetown TNK 0227127 X Summer 0.64 0.81 3.99 12.36 22.10 0.57
31 Nuwejaarskraal 0255202 9 Summer 0.67 114 -3.06 1041 16.65 0.62
32 Thornlea 0284008 4 Summer 0.53 0.81 -2.38 9.77 19.15 047
33 Richmond SAP 0239472 3 Summer 0.64 0.83 9.52 28.95 51.04 0.52
34 Balfour 0440129 8 Summer 0.70 1.03 -4.13 1899 37.27 0.59
35 De Emigratie 0443196 2 Summer 0.74 1.08 -7.02 20.62 3717 0.65
36 Bothaville Mun 0400203 4 Summer 0.63 0.88 3.86 21.78 40.30 0.56
37 Boetsap Pol 0359808 X Summer 0.73 0.94 1.22 15.05 25.82 0.71
38 Morokweng 0467487 5 Summer 0.50 m -3.15 14.99 26.24 047
39 Ottoshoop Pol 0508825 8 Summer 0.78 0.96 0.27 15.53 61.03 0.73
40 Swartsgen Pol 0510308 6 Summer 0.68 0.96 0.88 20.71 34.17 0.66
4 Premier Mine Cullinan 0514010 X Summer 0.71 097 -141 19.51 40.83 0.61
42 Kungwini Local Mun 0514408 X Summer 0.61 1.00 -1.61 23.32 4348 0.57
43 Machadodorp 0517430 6 Summer 0.66 0.97 0.02 23.14 4372 0.61
44 Naboomspruit 0590361 X Summer 0.63 0.86 545 2231 39.78 0.59
45 Haenerstburg 0678776 7 Summer 0.57 1.17 -11.34 29.84 5773 049
46 Klein Australié 0723363 X Summer 0.77 1.25 -26.73 4733 147.84 0.65
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The northeastern region has the highest

R? while the southwestern region has the
lowest values. The Limpopo, Vaal, Mfolozi,
Olifants and Komati catchments have an
excellent R? of at least 0.7. The Kromme
catchment along the southern coast has
the poorest R? ranging from 0.43 to 0.46.

Bias distribution across the country follows

a similar trend to that of R2. The central
part of the country has an optimal bias
value of 1, which increases northwards
and decreases southwards. The ME, MAE,
RMSE and NSE parameters all reflect poor
similarity. Comparing the results of these
four parameters with statistical results

for daily analysis, NSE is the only statisti-
cal parameter that improves slightly at a
monthly time-step, but it remains below
0.65, which is the lowest acceptable value.

However, six stations are observed to
have an NSE value of greater than 0.65,
suggesting CHIRPS to be a good estima-
tor of monthly rainfall data for them.
Stations numbered 1, 35, 37, 39, 40 and 46,
having good NSE values, are geographi-
cally located in the northern part of the
country (Limpopo, Olifants and Komati
catchments) which experiences relatively
high rainfall. This is in contrast to Station
Number 1, of which the average annual
rainfall is 621 mm, located on the west
coast of the Western Cape region (Berg
catchment), as illustrated by the stations’
distribution in Figure 1.

The mean values for ME, MAE, RMSE
and NSE, based on monthly data, are 1.24,
21.60, 42.70, and 0.49, respectively. These
four statistical parameters do not improve
to optimal values with a change in time-
step, as was also observed by other studies

such as those of Dembélé and Zwart (2016),

Duan et al (2016) and Dinku et a/ (2018).

Monthly validation

Taking into account the monthly variation
in precipitation as a factor influencing

the relationship between CHIRPS-based
rainfall data and gauged rain data (Duan et
al 2016), a monthly validation analysis was
performed to determine if specific months
compare better than others. To better
understand the results of monthly specific
pairwise comparison of CHIRPS-based
rainfall data and observed rainfall data it is
important to have a picture of the charac-
terisation of precipitation in South Africa.
The distribution of precipitation in time
and space is categorised into four main
seasons, with peak precipitation occurring
during November, December and January
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Figure 7 Monthly specific pairwise comparison of CHIRPS versus observed rainfall data for the

summer rainfall region in South Africa

(summer). For most of the country, winter
(June, July, August) is the driest period,
while autumn (March, April, May) and
spring (September, October, November)
represent the rising and descending limb
in the distribution of annual rainfall in the
summer rainfall region. However, in the
Western Cape, the opposite is true, as it is
a winter rainfall region. The region, mainly
dominated by a Mediterranean climate,
receives winter rainfall from cyclones
originating over the South Atlantic, while
its summer is dry (Du Plessis & Schloms
2017). Some parts of the Southern Cape,
however, have different rainfall mecha-
nisms, mostly influenced by the movement
of warm, moist air from the Indian Ocean.

Volume 63 Number3 September 2021

These regions experience an all-year rain-
fall with its peak in summer, like in other
parts of the country. The results of the
summer rainfall region analyses are illus-
trated using radar diagrams in Figure 7.

The R2, NSE and bias statistical param-

eters follow a similar trend throughout

the year. These statistical metrics attain
their best values during the spring and
autumn seasons, while reflecting the worst
comparison during the dry winter season,
as illustrated in Figure 7. Summer, which
is the wettest season, also has a low cor-
relation. The results presented in Figure 7
suggest a stronger correlation between
CHIRPS-based rainfall data and observed
rainfall data during the start and end of the
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Figure 8 Monthly specific pairwise comparison of CHIRPS versus observed rainfall data for the

winter rainfall region in South Africa

rainy season, evidenced by the strongest
correlation during April and October. The
low correlation during winter and sum-
mer confirms the findings of Duan et a/
(2016) of higher errors in satellite rainfall
products (inclusive of CHIRPS data) during
the winter season when precipitation is low
and low error values during the wet sum-
mer seasons.

The results of winter rainfall region
analyses are illustrated using radar dia-
grams in Figure 8.

For winter rainfall regions experiencing
a Mediterranean climate, an observation is
made of a stronger correlation during the
autumn and spring seasons, evidenced by
the strong correlation recorded in April,

September and November, as illustrated in
Figure 8.

For the winter rainfall regions, correla-
tion is low during winter because of the
multiple errors likely to be attributed to
winter precipitation associated with shal-
low clouds not detected by satellite algo-
rithms, as highlighted in studies by Tian
et al (2007) and Mei et al (2015). Satellite
algorithms have also been observed to
perform better in detecting precipitation in
warm seasons, especially with convectional
rainfall systems (Duan et al 2016). Further,
Tian et al (2007) noted that ice and snow
cover add errors to satellite signals by
producing disturbing signals from those
ice particles in the atmosphere. This is
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supported by the observation of high ME,
MAE, RMSE and low R? values during win-
ter months, as illustrated in Figure 8. The
NSE values are low and follow a similar
trend across the year to that of R2.

The results of the all-year rainfall
region analyses are illustrated using radar
diagrams in Figure 9.

For regions experiencing rainfall
throughout the year, the South Coast value
of R? is such that it is the strongest during
spring and the weakest during summer.
The strongest correlation is recorded in
October with an R? of 0.67, while the least
correlation is in January with R? of 0.28, as
illustrated in Figure 9.

The R? values are generally low, with
most values below the average of 0.5. This
is an indication of poor correlation for
CHIRPS and observed monthly rainfall
for regions experiencing an all-year
rainfall distribution. This is illustrated in
Figure 5 where the Bushmans, Kromme
and Swartkops catchments along the South
Coast have values below 0.5 R2. The low
correspondence between CHIRPS and
observed monthly rainfall for this region is
supported by the high MAE and RMSE and
low NSE values illustrated in Figure 9.

Comparing the distribution of R? for
the three rainfall regions, the all-year
rainfall region has R? values increasing
from May, with its peak in October, while
the summer and winter regions’ R? values
tend to be high during March, April, May,
September, October and November, as
shown in Figures 7, 8 and 9. The R? values
are the highest in the summer rainfall
regions, followed by winter rainfall regions,
and least for all-year rainfall regions, as
also illustrated in Figure 7, 8 and 9.

Observing results for the winter, sum-
mer and all-year rainfall regions, the fol-
lowing deductions can be made:

The MAE and RMSE are observed to
be high during summer and winter com-
pared to the other seasons, while NSE is
relatively high during spring and autumn
for the summer and winter rainfall regions,
respectively. For the winter and summer
seasons, irrespective of whether the region
experiences a winter, summer or all-year
rainfall, the correlation is observed to be
slightly lower than that of the spring and
autumn seasons, as illustrated in Figures 7,
8 and 9. This is explained by the fact
that CHIRPS tends to overestimate low
amounts of rainfall and underestimate
high amounts of rainfall for the different
time intervals (Dinku et al 2018). This is
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well illustrated by the difference in peaks
between the CHIRPS and observed rainfall,
as shown in Figure 10, representing the
monthly plot for the Ottoshoop Pol sta-
tion 39, which is located near the border
between the Orange area and the Limpopo
Province, as depicted in Figure 1. Generally,
the four parameters RMSE, ME, MAE and
NSE do not improve significantly from
daily to monthly, as mentioned earlier.

The first three parameters (RMSE, ME

and MAE) indicate the magnitude of
overestimation/underestimation, while

the latter (NSE) shows predictive accuracy
relative to the mean of observed rainfall.
Despite the decrease in the magnitude of
overestimation/underestimation from daily
to monthly, the effects are still pronounced
at a monthly time-step as illustrated in
Figure 10.

CONCLUSIONS
CHIRPS-based rainfall data was evalu-
ated using a network of forty-six stations
adequately distributed across South Africa.
The analysis was done at daily and monthly
time-steps with CHIRPS data of spatial
resolution 0.05° latitude/longitude from
1987 to 2019. Validation statistics were
computed for the entire region. The results
of CHIRPS-based rainfall data valida-
tion statistics across South Africa were
observed to show similar findings to previ-
ous studies in other regions, such as in East
Africa by Kimani et al (2018) and in Italy
by Duan et al (2016).

CHIRPS rainfall data is observed to
be good in estimating monthly rainfall
(based on accumulated daily rainfall data),
except for the all-year rainfall regions, but
poor in estimating daily rainfall. The poor
estimation of daily rainfall is likely due to
the processes involved in computing daily
CHIRPS-based rainfall data through the
disaggregation of a 5-day rainfall product,
as highlighted by Funk et a/ (2015).

Monthly CHIRPS rainfall data (based
on accumulated daily data) is observed to
have good correspondence with observed
rainfall data evinced by stronger cor-
relation values. The correspondence of
monthly rainfall, however, varies for differ-
ent regions. The all-year rainfall region has
its best correspondence during spring and
its lowest in summer. This is different from
the winter and summer rainfall regions,
which have a similar correspondence pat-
tern between them. These regions have
their best correspondence during the
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Figure 9 Monthly specific pairwise comparison of CHIRPS versus observed rainfall data for the

all-year rainfall region in South Africa

autumn and spring months, and the lowest
during winter and summer. The winter and
summer rainfall regions have a low correla-
tion during winter and summer seasons
respectively due to the overestimation/
underestimation of observed rainfall dur-
ing the wet and dry seasons.

For the South Coast (the all-year rain-
fall region), the correspondence is slightly
low and records its strongest correlation in
October. The low correspondence is likely
because of rainfall formation mechanisms,
nature and the amount of rainfall, which
affect the quality of CHIRPS data for
this region. Dinku et a/ (2018) credit the
low correlation between CHIRPS data
and observed rainfall data to the effects

Volume 63 Number3 September 2021

of frontal systems along the coastline of
East Africa. Low correlation (below 0.4)
is observed in parts of Gourits, Gamtoos,
Sundays, Kromme and Swartkops catch-
ments in the all-year rainfall region, and
care should be taken when using CHIRPS
rainfall data in these areas.

CHIRPS rainfall data performs well
in the northern part of the country.
Correspondence decreases southwards to
the dry Northern Cape region, with an R2
of approximately 0.5—0.6. In these areas,
CHIRPS offers a good alternative source
of monthly rainfall data. The Limpopo,
Olifants, Komati, Mfolozi, and parts of
Tugela and Vaal have the best R? of at
least 0.7.
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Figure 10 Monthly plot of CHIRPS and observed rainfall for Ottoshoop Pol station

The Berg catchment in the Western
Cape and parts of the Vaal, Tugela and
Mkomazi catchments follow closely with R?
of at least 0.65. The rest of the catchments
have R? ranging between 0.5 and 0.6.

The catchments along the Eastern
Coast have the lowest R2 values (less than
0.5). Therefore, the use of CHIRPS data
in hydrological analysis should be guided
accordingly, while appreciating the variation
in correlation across the different regions of
South Africa, as illustrated in Figure 5. In
regions with a strong correlation, such as the
northern part of the country with R? greater
than 0.7, CHIRPS data can be used confi-
dently. However, the use of CHIRPS data is
not advisable for regions with significantly
low correlation (R? below 0.5), such as the
Eastern Coast in the Keiskamma, Mzimvubu,

Mkomazi and Mfolozi catchments.

Finally, this study found that CHIRPS-
based rainfall data at a monthly time-step
is an adequate alternative to use in comple-
menting observed rainfall data in hydro-
logical analyses for different regions across
South Africa. The confidence in using
CHIRPS data should, however, be in line
with the strength of correlation (Figure 5),
which varies for different rainfall regions,
as discussed. The findings of this study
complement observations by several other
studies, such as Toté et al (2015), Ayehu et
al (2017), Kimani et al (2017), Dinku et al
(2018) and Muthoni et a/ (2019) in countries
such as Mozambique, Ethiopia, Uganda,
Tanzania and Kenya, which is comforting.
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