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ARTICLE INFO ABSTRACT

Keywords: In developing countries, an accurate representation of the spatio-temporal variability of rainfall is currently
CHIRPSv2 severely limited, therefore, satellite-based rainfall estimates (SREs) are promising alternatives. In this work, six
MSWEPv2 state-of-the-art SREs (TRMM 3B42v7, TRMM 3B42RT, CHIRPSv2, CMORPHv1, PERSIANN-CDR, and MSWEPv2)

Precipitation
Satellite

Upscaling influence
Validation of SREs

are evaluated over three different basins in Latin-America, using a point-to-pixel comparison at daily, monthly,
and seasonal timescales. Three continuous (root mean squared error, modified Kling-Gupta efficiency, and
percent bias) and three categorical (probability of detection, false alarm ratio, and frequency bias) indices are
used to evaluate the performance of the different SREs, and to assess if the upscaling procedure used, in
CHIRPSv2 and MSWEPvV2, to enable a consistent point-to-pixel comparison affects the evaluation of the SREs
performance at different time scales.

Our results show that for Paraiba do Sul in Brazil, MSWEPv2 presented the best performance at daily and
monthly time scales, while CHIRPSv2 performed the best at these timescales over the Magdalena River Basin in
Colombia. In the Imperial River Basin in Chile, MSWEPv2 and CHIRPSv2 performed the best at daily and
monthly time scales, respectively. When the basins were evaluated at seasonal scale, CMORPHv1 performed the
best for DJF and SON, TRMM 3B42v7 for MAM, and PERSIANN-CDR for JJA over Imperial Basin. MSWEPv2
performed the best over Paraiba do Sul Basin for all seasons and CHIRPSv2 showed the best performance over
Magdalena Basin. The Modified Kling-Gupta efficiency (KGE’) proved to be a useful evaluation index because it
decomposes the performance of the SREs into linear correlation, bias, and variability parameters, while the Root
Mean Squared Error (RMSE) is not recommended for evaluating SREs performance because it gives more weight
to high rainfall events and its results are not comparable between areas with different precipitation regimes.

On the other hand, CHIRPSv2 and MSWEPv2 presented different performance, for some study areas and time
scales, when evaluated with their original spatial resolution (0.05° and 0.1, respectively) with respect to the
evaluation resulting after applying the spatial upscaling (to a unified 0.25), showing that the upscaling proce-
dure might impact the SRE performance. We finally conclude that a site-specific validation is needed before
using any SRE, and we recommend to evaluate the SRE performance before and after applying any upscaling
procedure in order to select the SRE that best represents the spatio-temporal precipitation patterns of a site.

1. Introduction Bigiarini et al., 2017). Traditionally, the spatial distribution of pre-
cipitation is measured through ground observations forming a rain

Precipitation is an important variable of the water cycle, it must be gauge network (e.g. Berndt et al., 2013; Haberlandt, 2006; Rogelis and
assessed carefully due to its changing spatial and temporal distribution. Werner, 2013). In developing countries the network of rain gauge sta-
However, an accurate representation of the spatio-temporal variability tions is sparse, and therefore, the interpolation using point-based
of catchment rainfall inputs is currently severely limited (Zambrano- rainfall information is subject to a large uncertainty (Woldemeskel
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Fig. 1. Localization of the study areas; a) Magdalena River Basin, located in Colombia, b) Paraiba do Sul Basin, in Brazil and c¢) Imperial River Basin, in Chile.

et al., 2013).

Thanks to the technologic progress, new methodologies are being
developed to estimate the amount and spatial distribution of rainfall. In
particular, remote sensing techniques based on infrared (IR) and pas-
sive microwave (PMW) sensors aboard geostationary (GEO) and Low
Earth Orbit (LEO) satellites, respectively.

Several satellite-based precipitation products have been developed
and have recently become operational, including the Precipitation
Estimation from Remotely Sensed Information using Artificial Neural
Networks (PERSIANN; Hsu et al., 1997; Sorooshian et al., 2000), the
PERSIANN Climate Data Record(PERSIANN-CDR; Ashouri et al., 2015),
the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Pre-
cipitation Analysis (TMPA; Huffman et al., 2007), the Climate Predic-
tion Center Morphing technique product (CMORPHv1; Joyce et al.,
2004; Xie et al., 2017), the Climate Hazards group Infrared Precipita-
tion with Stations dataset (CHIRPSv2; Funk et al., 2015), the Multi-
Source Weighted-Ensemble Precipitation (MSWEPv2; Beck et al.,
2017a), among others.

The evaluation of satellite products over Africa and South America
has been very limited (Espinoza Villar Jhan Carlo et al., 2009; Dinku
et al., 2010). Satellite rainfall estimates are needed the most in en-
vironments with sparse or non-existent rain gauge networks. However,
the lack of ground observations and the lack of access to the available
information are strong limitations to validate the SREs over those re-
gions. On the other hand, SRE datasets may be used erroneously if a
validation process is not taken into account to detect systematic and/or
random errors (Gebremichael et al., 2010). Validation will help to
quantify the errors in the different SREs in order to choose the one that
represents better the precipitation over an area of interest.

Recently, Salio et al. (2015) performed the evaluation of six dif-
ferent SREs over South America (TRMM 3B42v6, TRMM 3B42v7,
TRMM3B42RT, CMORPHv0, HYDRO, and the CoSch), concluding that
the performance of Satellite Rainfall Estimates that include microwave
measurements is higher than the ones with only infrared (IR) in-
formation. They also concluded that further research has to be done
regarding the effects of topography.

Zambrano-Bigiarini et al. (2017) carried out a temporal and spatial
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evaluation of different SREs across Chile, evaluating seven different
SREs. They found that the calibration of SREs with observed data im-
proves the performance of the datasets but a site-specific validation is
still needed. CHIRPSv2, TRMM 3B42v7 and MSWEPvV1.2 performed
relatively well for the Chilean territory. Also, the satellite products
performed the best for humid and low and mid-elevation zones
(0-1000 m.a.s.l.).

Melo Davi de et al. (2015) evaluated TRMM 3B42v6 and 3B42v7
over Brazil on a daily, monthly and seasonal basis. The findings were
related to the low performance of the products in the daily and seasonal
analysis, mostly in the northwest region, which is related to higher
rainfall depths. However, both products performed better during the
dry seasons and the most recent version improved the performance over
the northeast, southeast and southern regions.

Finally, Dinku et al. (2010) evaluated seven different SREs over
Colombia, finding a low performance in PERSIANN and TRMM 3B42RT
and relatively good performance for CMORPHvVO. The study showed
that the products were good in detecting the occurrence of rainfall but
poor in estimating the amount of daily precipitation.

As observed, there is not a best performing SRE on a general basis.
Therefore, a process for validating the satellite-derived information is
required for each case study. Even though there are a plethora of stu-
dies characterizing and quantifying errors in spatial fields of rainfall
measurement, there is no study that comprehensively evaluates the 6
products aforementioned over the studied areas.

For this reason, six state-of-the-art satellite rainfall estimates (SREs)
are analyzed (TRMM 3B42v7, TRMM 3B42RT, CHIRPSv2, CMORPHv1,
PERSIANN-CDR, and MSWEPv2) for the first time over three different
basins (regarding climate, area, and topography) in Latin-America
(Imperial River Basin in Chile, Paraiba do Sul Basin in Brazil, and
Magdalena River Basin in Colombia) in a point-to-pixel comparison at
daily, monthly, and seasonal scales.

The aims of this work are i) to assess the spatio-temporal perfor-
mance of different SREs over the three different study areas in Latin-
America at different time scales, and ii) to evaluate if the upscaling
procedure used to ensure a consistent point-to-pixel comparison (in the
case of CHIRPSv2 and MSWEPv2) to a spatial resolution of 0.25 affects
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Fig. 2. Koppen-Geiger climate regions over the different study areas; Imperial River Basin (top-left), Paraiba do Sul Basin (top-right) and Magdalena River Basin

(bottom-left).

the evaluation of the performance. Once an SRE is validated over an
area, it can be used for different purposes such as rainfall-runoff mod-
eling, water allocation or climatic trends evaluation, among others.

2. Study areas

Three basins were selected for this analysis (Fig. 1); Magdalena
River Basin in Colombia, Paraiba do Sul Basin in Brazil and Imperial
River Basin in Chile. The different study areas were selected in order to
compare the results of the best performing SRE in different environ-
ments in Latin America. The selected basins present differences mainly
in area, climate, and topography. According to the world map of the
Koppen-Geiger climate classification (Peel et al., 2007) and as observed
in Fig. 2, Imperial River Basin presents a temperate climate with dry
and warm summer (Csb) in the North-eastern part and a temperate
climate without dry season and warm summer (Cbf) in the South-east.
Paraiba do Sul presents a temperate climate with dry winter and hot
summer (Cfa) in the upper part of the basin while a tropical rainforest
(Af) and tropical monsoon (Am) climates are present in the lower part.
Finally, Magdalena Basin shows tropical rainforest (Af), tropical mon-
soon (Am) and tropical savannah (Aw) climates in the upper and lower
parts of the basin and temperate climate without dry season and warm
summer (Cbf), temperate climate with dry and warm summer (Csb) and
polar tundra (ET) in the elevated zones of the center of the basin.

Magdalena River Basin is the greatest catchment in Colombia and is
highly important in the economic development of the nation. Paraiba
do Sul, involves Rio de Janeiro, Minas Gerais, and Sao Paulo states
being the most important contributor basin to the Brazilian GDP.
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Finally, Imperial River Basin is essential because the agricultural ac-
tivity of Chile is mainly developed in the southern region of the
country.

The average monthly precipitation cycles for Imperial and Paraiba
do Sul basins (period 2001-2015), and for Magdalena Basin (period
2001-2014) are presented in Fig. 3. For Imperial Basin, the rainy season
starts in April and ends in September. The opposite is observed in
Paraiba do Sul, where the rainy season starts in October and ends in
March. For Imperial and Paraiba do Sul basins, the rainy season pre-
sents a greater dispersion from the mean values. On the other hand,
Magdalena Basin presents a bimodal precipitation pattern caused by the
double pass of the Intertropical Convergence Zone (ITCZ) with the
highest precipitation values between April-May and October-No-
vember.

2.1. Imperial Basin

The Imperial Basin (37° 40’ to 38° 50’ S in latitude and 73° 30" to 71°
27’ W in longitude) is located in the Araucana region. The area of the
basin is 12763 km? with 540599 inhabitants. Its river length is about
230 km. The hydrological regime of this basin is pluvial. This char-
acteristic is associated with the low snow accumulation associated with
the relatively small altitude in the Andean Mountain range on its lati-
tude (Rivera et al., 2004). The elevations for this basin ranges from 0 to
3095 m.a.s.l. (meters above sea level). The average annual precipitation
for this basin ranges from 1500 to 2500 mm.
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Fig. 3. Annual precipitation cycle for the studied areas. a) Imperial Basin, b) Paraiba do Sul, and c¢) Magdalena Basin for the period 2001-2015. The blue line
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2.2. Paraiba do Sul

Paraiba do Sul is located in Brazil, between the latitudes 20° 26" and
23° 39’ S and between the longitudes 41° and 46° 30’ W covering an
area of nearly 56500 km? It has a heterogeneous topography, geo-
morphology, hydrology, and soil composition (Simdes and Barros,
2007). The basin is located among the states of Sao Paulo, Minas Gerais,
and Rio de Janeiro and the river length is about 1120 km. The average
annual precipitation is 1400 mm, but it exhibits a large inter-annual
variability ranging values between 1300 and 2400 mm (Simoes and
Barros, 2007) and large spatial variability (Soares et al., 2012). It is
bordered by two mountain chains; Serra da Mantiqueira and Serra do
Mar, presenting variations in elevation between 450 and 2000 m.a.s.l.
(Soares et al., 2012). This basin currently accounts for approximately
11% of national gross domestic product (GDP). Therefore, water man-
agement is very important for regional development and urban growth.
About 8.70 million inhabitants live in Rio de Janeiro Metropolitan area
and they depend on Paraiba do Sul Basin for water supply (Silva and
Simoes, 2014).

2.3. Magdalena Basin

Magdalena Basin is located in Colombia, between the latitudes 11°
06’ and 1° 33’ S and the longitudes 76° 58’ and 72° 22’ W with a range of
altitude going from 0 to 5000 m.a.s.l. In this basin, the 85% of the
national GDP is generated. Magdalena Basin counts with a population
of around 33.60 million of inhabitants. The principal urban centers are
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located inside of this basin. The Magdalena River is the biggest river
system in Colombia, extending for 1612 km. It drains the Andes, which
are formed in Colombia by the Western, Central, and Eastern
Cordilleras covering an area of 257438 km?, the 24% of the total area of
the country (Restrepo et al., 2005). The annual average rainfall for the
basin is 2050 mm. The basin presents two wet (March-May and Octo-
ber-November) and two dry (December-February and June—-
September) seasons (IDEAM, 2001).

3. Datasets
3.1. Observed data

Time series of observed precipitation were obtained for each study
area. For Imperial and Paraiba do Sul basins the analyzed period starts
in January 2001 and ends in December 2015 while for Magdalena River
Basin starts in January 2001 and ends in December 2014. The starting
date of the analysis is related to TRMM 3B42RT temporal coverage and
the ending date is related to the availability of ground-based rainfall.

For Imperial Basin in Chile, 29 daily time series from rain gauge
stations were downloaded from the Center of Climate and Resilience
Research (CR2) (http://www.cr2.cl/recursos-y-publicaciones/bases-de-
datos/). These data were provided by the Chilean Water and
Meteorological agencies; Direccién General de Aguas and Direccién
Meteorolgica de Chile (DGA and DMC, respectively). One hundred se-
venty-four stations provided by the National Water Agency of Brazil
(ANA) were obtained for Paraiba do Sul Basin (http://hidroweb.ana.
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Table 1

Summary of satellite-based products used in this work.
Name Spatial res. Temporal res. Period Spatial coverage References
TRMM 3B42RT 0.25° 3 hourly, daily 1998-2015 Global (50°S-50°N) (Huffman et al., 2007)
TRMM 3B42v7 0.25° 3 hourly, daily 1998-2015 Global (50°S-50°N) (Huffman et al., 2007)
CHIRPSv2 0.05° Daily, pentadal, monthly 1981-present Global (50°S-50°N) (Funk et al., 2015)
CMORPHvV1 0.25° 30 min, 3hourly, daily 1998-present Global (60°S—-60°N) (Xie et al., 2017)
PERSIANN-CDR 0.25° Daily, monthly, yearly 1983-2015 Global (60°S-60°N) (Ashouri et al., 2015)
MSWEPv2 0.10° 3 hourly, daily 1979-2016 Global (Beck et al., 2017a, 2017b)

gov.br/default.asp). Finally, for Magdalena River Basin in Colombia, a
set of 5864 rain gauge stations were obtained. The time series were
provided by the Hydrology, Meteorology and Environmental Studies
Institute (IDEAM), which is a public institution responsible for giving
technical and scientific support to the Environmental National System.

Rain gauges provide generally reliable point measurements of pre-
cipitation and are usually subject to a low measurement error.
However, Rain gauge estimates may be affected by instrumental error
(Delahaye et al., 2015). Therefore, from the raw datasets, 13, 64, and
124 rain gauge stations were selected for Imperial, Paraiba do Sul, and
Magdalena basins, respectively. The selected rain gauge stations
have < 2% of missing values during the studied period and showed
consistency when analyzed with the double-mass method (Weiss and
Wilson, 1953). The double-mass method looks for abnormal differences
comparing each station with its neighbors assuming homogeneity be-
tween stations.

3.2. Satellite rainfall estimates

In this section, we describe the state-of-the-art SREs used in this
work (Table 1; TRMM 3B42v7, TRMM 3B42RT, CHIRPSv2,
CMORPHvV1, PERSIANN-CDR, and MSWEPv2). The spatial resolution of
the products is 0.25 except for CHIRPSv2 (0.05) and MSWEPv2 (0.1),
and all SREs have a daily temporal resolution.

The Tropical Rainfall Measuring Mission (TRMM; Huffman et al.,
2007) is a joint mission of NASA and JAXA developed to provide a
detailed dataset of rainfall distribution over tropical and subtropical
regions (Schuster et al., 2011). This mission is intended to provide es-
timates of quasi-global rainfall at relatively high spatial resolution
(0.25°) in both, real-time (TRMM 3B42RT) and post-real time (TRMM
3B42 version 7, hereafter defined as TRMM 3B42v7) which is calibrated
with monthly rain gauge data from the Global Precipitation Clima-
tology Center (GPCC) (Huffman et al., 2007). This dataset combines
infrared data (IR) from geosynchronous earth orbit (GEO) and passive
microwave data (PMW) from LEO satellites. After > 17 years of data
collection, the instruments on TRMM were turned off the 8 of April of
2015 but the dataset will be produced until 2018.

The Climate Hazards Group InfraRed Precipitation with Station data
version 2 (CHIRPSv2; Funk et al., 2015) is a quasi-global (50 north and
south) daily, pentadal, and monthly SRE with a spatial resolution of
0.05°. CHIRPSv2 is designed for monitoring agricultural drought and
global environmental changes over land. This dataset uses the Tropical
Rainfall Measuring Mission Multi-satellite Precipitation Analysis ver-
sion 7 (TRMM 3B42v?7) in order to calibrate global Cold Cloud Duration
(CCD) rainfall estimates (Funk et al., 2015). CHIRPSv2 uses also a
station data merging approach in order to reduce the bias using public
and private data archives at monthly scale. According to Funk et al.
(2015), CHIRPS uses CHPclim dataset, which is a global 0.05° monthly
precipitation climatology, the satellite-only Climate Hazards group In-
frared Precipitation (CHIRP), and ground observations from different
public and private archives.

The NOAA Climate Prediction Center (CPC) MORPHing technique
(CMORPHV1; Joyce et al., 2004; Xie et al., 2017) is a quasi-global (60°
north and south) SRE with 0.25° spatial and 3-hourly temporal re-
solution that relies on infrared (IR) and passive microwave (PMW)
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information. CMORPHvV1 uses motion vectors derived from 3 hourly IR
satellite imagery in order to propagate the relatively high-quality pre-
cipitation estimates derived from PMW data (Joyce et al., 2004). This
dataset is bias corrected through a probability density function (PDF)
matching against the CPC daily gauge analysis and the Global Pre-
cipitation Climatology Project (GPCP) over land and ocean, respec-
tively.

The Precipitation Estimation from Remotely Sensed Information
using Artificial Neural Networks - Climate Data Record (PERSI-
ANN-CDR; Sorooshian et al., 2000; Ashouri et al., 2015) is a quasi-
global (60° north and south) daily product with a spatial resolution of
0.25° providing 30years of daily precipitation estimates. PERSI-
ANN-CDR estimates precipitation using IR and its accuracy is improved
using rainfall estimates from a PMW sensor. It is adjusted using the
monthly GPCC product to maintain consistency and to reduce the bias
while preserving the high spatial resolution (Ceccherini et al., 2015;
Guo et al., 2015).

The Multi-Source Weighted-Ensemble Precipitation version 2
(MSWEPvV2; Beck et al., 2017a, 2017b) is a global precipitation dataset
with 3-hourly temporal and 0.1° spatial resolution. MSWEPv2 uses a
wide range of data sources, such as rain gauge stations, satellite in-
formation, and atmospheric reanalysis models to obtain precipitation
estimates and it was developed for hydrological modeling (Beck et al.,
2017a). MSWEPV2 uses the Global Historical Climatology Network-
Daily (GHCN-D), the Global Summary of the Day (GSOD) database, the
Latin American Climate Assesment & Dataset (LACA&D) database, the
Chilean Climate Data Library, and national databases for Mexico,
Brazil, Peru, and Iran to perform a daily bias correction.

The detailed description of the algorithms used for each SRE to
derive rainfall estimates can be found in the specific literature of each
product.

4. Methodology

A point-to-pixel analysis was applied to the studied areas to com-
pare the time series of the selected rain gauge stations against the
corresponding pixel value of the selected SREs at daily, monthly, and
seasonal timescales. This methodology has been widely used for SREs
validation (Reis, Renn, and Lopes, 2017; Thiemig et al., 2012;
Zambrano-Bigiarini et al., 2017). The implicit assumption of this
methodology is that the rain gauge stations are representative ob-
servations of the respective pixels of the poducts.

This comparison is not completely fair due that for some SREs,
ground data are used to correct the bias of the precipitation estimations.
This is the case of TRMM 3Bv7, CMORPH, and PERSIANN-CDR which
use the GPCC dataset; CHIRPSv2 and MSWEPv2 which use the Global
Historical Climate Network (CHCN) and the Global Surface Summary of
the Day (GSOD). MSWEP also uses the Latin American Climate
Assesment & Dataset (LACA&D) and national databases from Mexico,
Brazil, Peru, and Iran. This bias corrected datasets are expected to
present a better performance than the SREs that do not use rain gauge
stations (i.e. TRMM 3B42RT).

In Fig. 4, the number of rain gauges in Imperial, Paraiba do Sul, and
Magdalena basins used in the GPCC dataset (Peterson and Vose, 1997)
can be observed. For the studied period on average, the GPCC uses
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around 1, 6, and 12 ground stations for Imperial, Paraiba do Sul and
Magdalena basins, respectively. Also, the CHCN uses a similar amount
of rain gauge stations as the GPCC dataset over the 3 different study
areas (Menne et al., 2012). As the GPCC does not provide the in-
formation of the specific used stations they could not be removed.
However, this number of stations are clearly not enough to capture the
spatial variability of rainfall over these basins. This consequently, in-
creases the estimation errors of the final products. On the other hand,
the SREs that use rain gauge stations from the studied areas are prone to
present a better performance compared to the datasets that do not.

The spatial resolution of all SREs except CHIRPSv2 and MSWEPV2 is
0.25°. Therefore, CHIRPSv2 and MSWEPv2 were upscaled from 0.05°
and 0.1°, respectively to a new spatial resolution of 0.25° by using bi-
linear interpolation to enable consistent point-to-pixel comparisons
among SRE products. However, in order to determine the effect of the
upscaling process in the SREs performance evaluation, we used two
CHIRPSv2 and MSWEPv2 datasets i) One with its original spatial re-
solution (CHIRPSv2, MSWEPv2) and the other ii) with the datasets
upscaled to 0.25° (hereafter defined as CHIRPSv2 upscaled and
MSWEPv2 upscaled).

Six different indices of performance (three continuous and three
categorical) were applied to the data over the different regions.
Continuous indices are described in Appendix A, these indices are the
modified Kling-Gupta Efficiency (KGE’), the Root Mean Square Error
(RMSE), and the percent bias (PBIAS). The KGE’ (Eq. (A1)) is an index
used to compare observed data with estimations. It decomposes the
total performance or SREs into three different terms with the same
weight; the linear correlation (r) measuring, in this case, the temporal
rainfall dynamics, the bias ratio () used to measure the overestimation
or underestimation compared to the ground observations, and the
variability ratio (y) which is a relative measure of the dispersion (Gupta
et al., 2009; Kling et al., 2012). The optimum value for KGE’ is the
unity. For KGE/, the linear correlation (r, Eq. (A2)) presents its optimum
value at the unity (perfect correlation) being the minimum value —1.0
(perfect negative correlation), the 0 indicates absence of correlation.
The bias term (B, Eq. (A3)) measures the average tendency of the SRE
values to overestimate (8 > 1) or underestimate (8 < 1) the observed
values. The variability ratio (y, Eq. (A4)) evaluates the dispersion of the
satellite estimates compared to the observed data and also presents its
optimum value at the unity.

Besides KGE’ evaluation, the RMSE (Eq. (A5)) and PBIAS (Eq. (A6))
were computed and compared to the results obtained with KGE’. The
RMSE is widely used in the performance evaluation of SREs and it was
included in this study to assess whether is a useful measure of perfor-
mance or not. The PBIAS measures the average tendency of the simu-
lated values to be larger or smaller than their observed ones. The op-
timal value of PBIAS index is 0, with low values indicating an accurate
simulation, while positive values indicating overestimation and nega-
tive values indicating underestimation of the SREs.
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Table 2
Classification of rainfall events based on daily intensity (i) ac-
cording to Zambrano-Bigiarini et al. (2017).

Rainfall event Intensity (i), [mmd~ 1]

No rain [0, D)
Light rain [1,5)
Moderate rain [5, 20)
Heavy rain [20, 40)
Violent rain =40

The SREs performance evaluation was implemented on a daily,
monthly, and seasonal timescales. In an inter-comparison between ob-
served and satellite rainfall data, the usage of the KGE’ makes sense
because it offers a way of evaluating the different components of per-
formance separately. However, the KGE’ does not allow to identify the
performance of a given SRE for different rainfall intensities. For this
reason, diverse categorical indices were also used to complement the
evaluation of the satellite products.

Moreover, three categorical indices (Appendix B) were applied for
different rainfall intensities (Table 2) as recommended by Zambrano-
Bigiarini et al. (2017); the probability of detection (POD, Eq. (B1)), the
frequency bias (fBias, Eq. (B2)), and the false alarm ratio (FAR, Eq.
(B3)). The POD calculates the fraction of the observed rainfall events
that are correctly detected by the satellite products ranging from 0 (no
detection) to 1 (detection of all events). The classification of rainfall
events is based on its intensity. Table 2 shows the classification of the
events based on daily intensity obtained from Zambrano-Bigiarini et al.
(2017). The false alarm ratio (FAR) measures the fraction of the events
that are incorrectly identified by the SREs. This index ranges from 0 (no
events are incorrectly identified), to 1 (all events are incorrectly iden-
tified). Also, The frequency bias (fBias), uses the same classification of
rainfall intensities observed in Table 2. This index is used to compare
the number of events identified by the satellite product to the number
of events that actually occurred at the corresponding rain gauge. The
optimal value of the fBias is 1.0, indicating no bias, fBias > 1 indicates
an overestimation of the SRE occurrences, and fBias < 1 points to an
underestimation.

The aforementioned methodology was applied for the studied areas
using the R environment 3.3.1 (Team, 2011) and the raster (Hijmans
et al., 2017), hydroGOF (Zambrano-Bigiarini, 2017a), and hydroTSM
(Zambrano-Bigiarini, 2017b) R packages.

5. Results
5.1. Spatio-temporal performance of SREs

We computed spatial maps to represent the spatial variation of SRE
performance for each study area at a daily, monthly and seasonal
temporal scales. The seasonal temporal scale is divided as follows:
December-January-February = (DJF), March-April-May (MAM),
June-July-August (JJA), and September—October—-November (SON).
Six different indices were applied to identify the best performing SRE
for each region (KGE’, RMSE, PBIAS, POD, FAR, and fBias).

5.1.1. Performance of SREs at daily scale

The evaluation with KGE’ at daily scale showed that for Imperial
Basin, MSWEPv2 performed the best at daily scale followed by PERSI-
ANN-CDR, MSWEPv2 upscaled, and CHIRPSv2 upscaled
[0.4 < KGE’ < 0.5]. TRMM 3B47RT had the lowest performance
followed by CMORPHv1 [0.1 < KGE’ < 0.2]. All SREs performed the
similar at the different elevations. As observed in Fig. 5, when the
performance of the selected SREs was evaluated with RMSE, PERSI-
ANN-CDR presented the best performance followed closely by TRMM
3B42RT, with values of 7.66 mm and 7.98 mm, respectively. MSWEPv2,
which was the best performing SRE for KGE’, was ranked third when



O.M. Baegz-Villanueva et al. Atmospheric Research 213 (2018) 34-50

KGE evaluation for Imperial Basin. RMSE evaluation for Imperial Basin.
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Fig. 5. Daily comparison between KGE’ (left) and RMSE (right) indices for analyzed SREs over Imperial River Basin at daily scale.

KGE evaluation for Paraiba do Sul Basin.

At daily scale
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Fig. 6. KGE’ evaluation of the SREs used in this study over Paraiba do Sul at daily scale.

40



O.M. Baez-Villanueva et al.

RMSE was used.

For Paraiba do Sul Basin (Fig. 6), MSWEPv2 was selected as the best
performing dataset when KGE’ was used, followed by CMORPHv1 and
MSWEPvV2 upscaled [0.55 < KGE’ < 0.65]. CHIRPSv2 and CHIRPSv2
upscaled obtained a KGE’ value of 0.37. The lowest evaluations were
obtained by PERSIANN-CDR, TRMM 3B42v7, and TRMM 3B42RT with
KGE’ values lower than 0.3. CMORPHv1 obtained the best evaluation
with the RMSE followed closely by MSWEPv2, which in agreement with
the KGE’ result. However, for this index CHIRPSv2 performed worse
than PERSIANN-CDR which was the worst evaluated SRE when the
KGE’ was used. The performance of the SREs was slightly lower in
elevated areas.

Finally, for Magdalena Basin CHIRPSv2 presented the best perfor-
mance when evaluated with KGE’, followed by CMORPHv1 and
CHIRPSv2 upscaled [0.25 < KGE’ < 0.30]. The daily performance of
all SREs was lower in Magdalena Basin than over the other regions.
PERSIANN-CDR and MSWEPv2 presented the lowest performance
[0.0 < KGE’ < 0.1] All SREs presented low KGE’ values in the lower
area which corresponds to the northern part of the basin.

5.1.2. Performance of SREs at the monthly scale

The KGE’ evaluation for Imperial Basin at monthly scale showed
that CHIRPSv2 is the best performing SRE, followed by TRMM 3B42v7
[0.75 < KGE’ < 0.80]. Almost all the SREs scored higher than 0.7
with the exception of TRMM 3B42RT with a KGE’ value of 0.3. For
RMSE, MSWEPv2 and MSWEPv2 upscaled were the best-evaluated
SREs, presenting the lowest values (38.90 mm and 42.17 mm, respec-
tively). MSWEPv2 and MSWEPv2 upscaled occupied the fifth and sixth
position of performance when evaluated with the KGE’.

Paraiba do Sul Basin presented the highest KGE’ values compared to
Imperial and Paraiba do Sul basins. The best performing SRE in this
area was MSWEPv2 upscaled, followed by CHIRPSv2 with KGE’ values
of 0.83 and 0.82 respectively. MSWEPv2, CHIRPSv2 upscaled, and
CMORPHvV1 presented higher KGE’ values than 0.80. For both indices
(KGE’ and RMSE), TRMM 3B42RT, TRMM 3B42v7, and PERSI-
ANN-CDR presented the lowest performance.

KGE evaluation for Magdalena Basin.
At daily scale

-76 -75 -74 -73
I I 1 L
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The SREs presented KGE’ values ranging from 0.3 to 0.7 when
evaluated over Magdalena Basin (Fig. 7). CHIRPSv2 and CHIRPSv2
upscaled presented the highest KGE’ values (0.70 and 0.66, respec-
tively). PERSIANN-CDR showed the lowest performance for both in-
dices. However, MSWEPv2, MSWEPv2 upscaled and TRMM 3B42RT
presented a higher performance when evaluated with the KGE’ than
with the RMSE.

5.1.3. Performance of SREs at seasonal scale

The KGE’ evaluation for Imperial Basin at seasonal scale
CMORPHvV1 and TRMM 3B42v7 presented a good performance for DJF
and SON, while TRMM 3B42v7 and MSWEPvV2 performed better for
MAM and PERSIANN-CDR for JJA. TRMM 3B42RT presented the
lowest performance over Imperial (for KGE” and RMSE) in all seasons.
All SREs had a lower performance in the rainy season JJA (winter) over
Imperial basin.

Paraiba do Sul presented the highest values of KGE’ for the selected
SREs. MSWEPv2 and MSWEPv2 upscaled performed the best for all
seasons and for the KGE” and RMSE indices, followed by CHIRPSv2 and
CMORPHvV1. The SREs with the lowest performance for all seasons were
PERSIANN-CDR and TRMM 3B42RT. Also, all the satellite datasets
performed similarly over the four different seasons.

For Magdalena Basin CHIRPSv2, CHIRPSv2 upscaled, and TRMM
3B42RT performed the best for DJF and SON for both indices (KGE’ and
RMSE). These products also performed the best for MAM when the KGE’
was used, while CHIRPSv2, CHIRPSv2 upscaled, and TRMM 3B42v7
performed the best when the RMSE was used. For SON, CHIRPSv2 and
CHIRPSv2 upscaled showed a good performance for both indices. The
SREs presented a lower performance for MAM and JJA (spring and
summer, respectively) over this basin.

5.2. Components of the KGE’

The total performance of the KGE’ (as seen in Appendix A) can be
decomposed into linear correlation (r), bias (), and a variability (y)
term. It is a useful index because the correlation component (r) is able

KGE evaluation for Magdalena Basin.
At monthly scale

-76 -75 -74 -73
1 1 I 1

I 1
CHIRPSv2

Latitude

1 1 1 1 1 Il
CHIRPSV2 upscaled CMORPHV1 CHIRPSV2 upscaled CMORPHV1
1
0.9
'y 0.8
PERSIANN-CDR
- 0.7
?“'.1 { 10
0.6
0.5
0.4
0.3
0.2

T
-76 -75 -74 -73

Longitude

0.1

-76 -75 -74 -73
Longitude

Fig. 7. KGE’ comparison between the used SREs over Magdalena River Basin at daily (left) and monthly (right) temporal scales.
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Fig. 8. Boxplots of the different components of KGE’ with the correspondent KGE” and RMSE values for the Magdalena Basin at seasonal scale, where the seasons are
divided as follows: a) December—January-February (DJF), b) March-April-May (MAM), c¢) June-July—-August (JJA), and d) September-October-November (SON).
The blue lines represent the optimal value for each parameter. (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)

to evaluate the temporal dynamics of precipitation, while  and y are
able to evaluate the volume and variability of rainfall, respectively.

In the seasonal analysis for Imperial Basin, MSWEPV2 presents the
highest values of r for all seasons. CHIRPSv2 and CHIRPSv2 upscaled
performed good for f3 for all the seasons and also CMORPHv1 for DJF
and SON. CMORPHv1 presented the best performance for y in DJF and
MAM while CHIRPSv2 and CHIRPSv2 upscaled for JJA and SON. Also,
the correlation component showed the lowest values for JJA which

corresponds to the rainy season.

For Paraiba do Sul MSWEPv2 performed the best for r and vy for all
the seasons and CHIRPSv2, CHIRPSv2 upscaled, CMORPHv1 and also,
MSWEPv2 and MSWEPv2 upscaled presented a good performance for

seasons over this basin.

the 3 component. The components performed similarly for the different

The RMSE, KGE’, and its components are shown in Fig. 8 for Mag-
dalena Basin at seasonal time scale. CHIRPSv2 and CHIRPSv2 upscaled
perform the best for all seasons, followed by TRMM 3B42RT for DJF,
MAM, and SON, and TRMM 3B42v7 for JJA. CHIRPSv2 and CHIRPSv2
upscaled present higher values of r and f§ for all seasons and MSWEPv2,
MSWEPvV2 upscaled, and CMORPHv1 present values near 1.0 fo the y

component for all seasons meaning that these SREs are able to capture
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the distribution of precipitation over the Magdalena Basin. However,
MSWEPvV2 present a low performance over the Magdalena River Basin.
The correlation component shows the lowest values in JJA, while in
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Fig. 9. Comparison of the percent bias (PBIAS; left) and the bias component of
KGE’ (B; right) for the studied areas.

DJF and SON, f performed worse. The y component show the lowest
values in MAM and JJA.

In Fig. 9 the PBIAS is compared to the bias () component of KGE’
for the three study areas. Although the PBIAS is represented in per-
centage and f is represented as the ratio between the correspondent
SRE mean and the observed mean (Eq. A3), there is a total agreement
between PBIAS and f3. For Paraiba do Sul and Magdalena basins, almost
all SREs overestimate the rainfall compared to observations with the
exception of CMORPHv1 which underestimates. On the other hand, for
Imperial Basin, the SREs tend to underestimate rainfall except for
CHIRPSv2 and CHIRPSv2 upscaled.
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5.3. SREs performance for categorical indices

Fig. 10 shows the probability of detection (POD) for five different
precipitation intensities (described in Table 2). All SREs show a rela-
tively high POD in no rain events ([0, 1) mm d— 1) with values higher
than 0.6, except in the case of Magdalena Basin for PERSIANN-CDR. All
SREs performed better at capturing moderate rainfall intensities (be-
tween 5 and 20 mmd 1) in all cases. For Magdalena Basin, all SREs
present almost no skill capturing high intensities. For Paraiba do Sul
Basin, MSWEPv2 performs the best for all rainfall intensities. Also, For
Imperial River Basin is observed that CHIRPSv2, CHIRPSv2 upscaled,
MSWEPv2, and MSWEPv2 upscaled perform relatively better at cap-
turing high rainfall intensities.

For light rainfall intensities ([1, 5) mm d™1) almost all the SREs
presented a decrease in the POD, with values lower than 0.4 in all study
areas (except for MSWEPv2 and CMORPHUv1 in Paraiba do Sul) showing
that light rain events are difficult to capture for the current satellite
products. For Imperial and Magdalena basins there was not a single SRE
which performed the best for all intensities. In the case of Paraiba do
Sul, MSWEPvV2 performed considerably better. For no rain events, all
products except PERSIANN-CDR (in Magdalena Basin) presented a high
POD. For rain intensities higher or equal to 1, PERSIANN-CDR,
CHIRPSv2, and MSWEPv2 products presented a better performance.

Fig. 11 shows the false alarm ratio (FAR) for the precipitation in-
tensities mentioned in Table 2. These results show consistency with the
POD. The no-rain events show low values over the different basins,

Paraiba do Sul Basin
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Fig. 10. Mean values of the categorical index of performance probability of detection (POD) and the five classes of rainfall intensity defined in Table 2 for the

different studied areas.
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Fig. 11. Mean values of the categorical index of performance false alarm ratio (FAR) and the five classes of rainfall intensity defined in Table 2 for the different

studied areas.

while the events with precipitation, present values between 0.5 and
0.95 in all cases. This shows that for the analyzed SREs, the days with
precipitation are more difficult to identify. In particular, for the Im-
perial Basin MSWEPv2, MSWEPv2 upscaled, and TRMM 3B42RT
showed low FAR values, while in Magdalena Basin CMORPHvVI,
CHIRPSv2, and CHIRPSv2 upscaled performed better in high rain in-
tensities. For Paraiba do Sul Basin, MSWEPvV2 (as observed in POD) was
the SRE which presented the best performance in all the rain intensities.

The frequency Bias (fBias; Fig. 12) shows an excellent agreement to
POD index in no-rain events with values of fBias ~ 1. For Imperial and
Paraiba do Sul basins, all products except CHIRPSv2 and CHIRPSv2
upscaled overestimated the light rain events, while for Magdalena
Basin, all products showed a high overestimation. In Magdalena, almost
all products presented an underestimation for violent rain events (equal
or higher than 40 mm d ), with MSWEPv2 and MSWEPv2 upscaled as
an exception. In the case of Paraiba do Sul, TRMM 3B42RT, and TRMM
3B42v7 overestimated and for Imperial, CMORPHv1, PERSIANN-CDR,
TRMM 3B42RT, and MSWEPv2 underestimated them. The violent
rainfall events presented relatively low fBias in all regions, and mod-
erate events ([5, 20) mm d ™~ ') were overestimated for Paraiba do Sul
and Magdalena basins, while for Imperial Basin only PERSIANN-CDR
showed a slight overestimation. It is also observed that Paraiba do Sul
present the lowest fBias values followed closely by the Chilean basin.
Magdalena presented the highest fBias values for light rainfall in-
tensities.
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5.4. Upscaling comparison for CHIRPSv2 and MSWEPy2

Upscaled versions of CHIRPSv2 and MSWEPv2 were computed from
0.5° and 0.1°, respectively. This, in order to ensure a consistent point-to-
pixel comparison with the other SREs at 0.25° spatial resolution.
However, the datasets were also analyzed using their original high
spatial resolution to evaluate if the upscaling process can interfere with
the evaluation of performance.

As observed in Fig. 13, the upscaling procedure increased the KGE’
values of CHIRPSv2 for Imperial Basin in Chile and slightly decreased
the values of MSWEPvV2 at daily scale. For this basin at the monthly
scale, CHIRPSv2 upscaled performed worse than the regular CHIRPS2
and MSWEPv2 upscaled improved when compared to MSWEPv2. Also,
CHIRPSv2 upscaled presented a decrease when compared to CHIRPSv2
at monthly scale over Magdalena Basin. However, there were not im-
portant changes at daily scale over Magdalena Basin for both products
and for MSWEPv2 at monthly scale. For Paraiba do Sul, CHIRPSv2
products presented a similar behavior at both time scales while
MSWEPV2 upscaled had a lower performance compared to the original
MSWEPv2.

Fig. 7 shows that CHIRPSv2 upscaled presents a higher performance
in the probability of detection (POD) over all the study areas and almost
for all rainfall intensities, except for violent rain events (> 40 mm).
MSWEPvV2 performed better than MSWEPv2 upscaled over Paraiba do
Sul and Imperial basins, while no differences were observed in Mag-
dalena Basin.

Fig. 12 shows the frequency bias (fBias) for the three study areas. In
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Fig. 12. Mean values of the categorical index of performance frequency bias (fBias) and the five classes of rainfall intensity defined in Table 2 for the different studied

areas.

Imperial and Paraiba do Sul basins, CHIRPSv2 upscaled performed
better than CHIRPSv2, while the opposite was observed over Magda-
lena Basin. MSWEPv2 and MSWEPvV2 upscaled showed similar behavior
over Imperial and Magdalena basins while in Paraiba do Sul MSWEPv2
upscaled obtained higher fBias values.

6. Discussion

The aim of this work is to evaluate for the very first time, the spatio-
temporal performance of six state-of-the-art SREs (TRMM 3B42RT,
TRMM 3B42v7, CMORPHv1l, CHIRPSv2, PERSIANN-CDR, and
MSWEPvV2) over different areas in Latin-America using 201 rain gauge
stations in total, and to assess if the upscaling procedure used to enable
a consistent point-to-pixel comparison affects the evaluation of the
upscaled SRE datasets performance (only for CHIRPSv2 and for
MSWEPvV2).

6.1. Performance of the evaluated SREs

As expected, the SREs performed differently over each study area.
For Imperial Basin, MSWEPv2 presented the highest performance at
daily time scale, followed by PERSIANN-CDR, MSWEPv2 upscaled and
CHIRPSv2 (see Fig. 5). When the SREs were evaluated at monthly scale,
CHIRPSv2 showed the best performance, followed by TRMM 3B42v7.
The seasonal evaluation showed that CMORPHv1 and TRMM 3B42v7
performed the best for DJF and SON, TRMM 3B42v7 and MSWEPv2
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performed better for MAM, and PERSIAN-CDR and MSWEPvV2 for JJA.
On the other hand, the lowest performing SRE for all time scales was
TRMM 3B42RT. These results are in agreement with the work carried
out by Zambrano-Bigiarini et al. (2017) where CHIRPSv2, MSWEPv1.2,
and TRMM 3B42v7 showed a good performance over Chile. However,
PERSIANN-CDR over Imperial Basin presented a better performance
than Central-Southern Chile evaluated in Zambrano-Bigiarini (2017a,
2017b).

For Paraiba do Sul, MSWEPv2 performed the best at daily time
scale, with CMORPHv1 and MSWEPvV2 upscaled showing good perfor-
mance as well (see Fig. 6). MSWEPv2, CHIRPSv2, and CMORPHv1
presented the highest performance when evaluated at monthly and
seasonal scales. The lowest SREs over Paraiba do Sul at daily, monthly,
and seasonal timescales were PERSIANN-CDR, TRMM 3B42v7 and
TRMM 3B42RT. The results are in total agreement with Melo Davi de
et al. (2015) where TRMM 3B42RT and TRMM 3B32v7 showed a low
performance over Brazil.

Finally, CHIRPSv2, CMORPHv1, and CHIRPSv2 upscaled presented
the best performance at daily scale over Magdalena River Basin (see
Fig. 7), while CHIRPSv2 and CHIRPSv2 upscaled performed the best at
monthly and seasonal timescales. Dinku et al. (2010) concluded that
PERSIANN and TRMM 3B42RT had a low performance over Colombia,
while in this work we used PERSIANN-CDR which also presented a low
performance over this area.

Our results confirm that there is no a single best performing product
for all regions, and therefore, a site-specific evaluation is still
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Fig. 13. Evaluation of the performance of MSWEPv2 and CHIRPSv2 before and after the upscaling procedure at daily and monthly scales.

recommended to identify the SRE that best represent the spatio-tem-
poral characteristics of the precipitation field over a specific study area.
The results show that gauge-adjusted algorithms tend to perform better
in general than those with no ground-based adjustment. In some cases,
an independent validation dataset is difficult to obtain. This is the case
of MSWEPvV2 in Paraiba do Sul Basin. MSWEPv2 performed the best
over this basin at daily, monthly and seasonal scales. However, this
dataset also uses the National Water Agency (ANA) dataset to calibrate
the daily rainfall estimates and therefore, we expected a high perfor-
mance of this dataset over this basin. The independence of the valida-
tion dataset should be analyzed before any comparison among SREs due
that this may affect the results of the validation of the satellite esti-
mates. Moreover, the performance of the SREs increase when the daily
values are aggregated into monthly or seasonal values.

6.2. Does the upscaling process affects the evaluation of the performance?

To the best of our knowledge, this is the very first time that
CHIRPSv2 and MSWEPV2 are evaluated at a different spatial resolution
over the same study areas. For Imperial Basin, the upscaling procedure
improved the performance of CHIRPSv2 and decreased the performance
of MSWEPvV2 at daily scale. The opposite was observed at monthly time
scale where CHIRPSv2 upscaled presented a lower performance than
CHIRPSv2 and MSWEPV2 upscaled performed higher than the original
MSWEPvV2. In the case of Paraiba do Sul, CHIRPSv2 performed better
after the upscaling procedure while MSWEPv2 was not affected when
evaluated at daily scale. At the monthly scale, CHIRPSv2 upscaled
performed slightly better than CHIRPSv2 while MSWEPv2 upscaled had
a lower performance. Finally, in the Magdalena Basin, the upscaling
procedure did not have any impact on the performance at daily scale for
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the two SREs; however, at monthly time scale CHIRPSv2 upscaled
performed worse than the regular product and no changes were ob-
served for MSWEPv2.

Our results show that there is not a general conclusion about the
impact of the upscaling procedure on the performance of a given SRE
dataset, with different impacts regarding products, temporal scales, and
regions (see Fig. 13). However, the topography plays an important role
when upscaling an SRE. The stations with higher differences in the
performance of SREs compared to observations before and after the
upscaling process are located closer to elevation gradients. For this
reason, if a validation in a mountainous area is required, the upscaling
procedure may affect the results. On the other hand, if the topography
is not rugged, an upscaling procedure can enable a fair point-to-pixel
comparison among SREs.

6.3. Methodology used for SRE performance evaluation

Based on the results of Section 5.1 we consider that the Modified
Kling-Gupta efficiency (KGE’) has proved to be a useful evaluation
index. It decomposes the performance of the SREs into linear correla-
tion (r), bias () and variability (y) components. For this reason, it is
easier to understand the source(s) of the mismatches between SREs and
their corresponding ground observations. Also, the Probability of De-
tection (POD), the false alarm ratio (FAR), and the frequency bias
(fBias) are important indices in order to evaluate the accuracy of the
SREs at identifying different rainfall intensities. For all study areas, the
highest performance of the evaluated SREs was obtained for No-rain
events (see Figs. 10, 11, and 12). Also, for the days with rain (from
1 mm d ™), the intensities between 5 and 20 mm d ~* performed higher
over all the basins than the other rainfall intensities. For Imperial and
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Fig. 14. Boxplots of the different components of KGE’ with the correspondent KGE” and RMSE values for the Magdalena Basin at daily and monthly timescales, where

a) is the daily evaluation and b) is the monthly evaluation.

Paraiba do Sul basins, the light rain intensities (from 1 to 5mm dh
obtained the lowest POD, while in Magdalena Basin the lowest POD was
obtained by the violent rain events (higher than 40 mm). The fBias
results seen in Fig. 12, are in agreement with the POD showing the
largest fBias over the three study areas for the light rain events.

RMSE results were different from KGE’ ones. Its formula gives more
weight to the mismatches between the observed and satellite estimates
of precipitation in two cases: i) when a low rainfall intensity is con-
stantly not detected, and ii) during high rain events because it squares
the difference of high values.

For example, a small error in a high rain event can be more im-
portant for RMSE than a total miss of several low rainfall events. As an
example, the RMSE, KGE’, and its components are shown in Fig. 14 for
the daily and monthly evaluation over Imperial Basin. As mentioned in
the Section 5.1.1, at daily basis; MSWEPvV2 performed the best followed
by PERSIANN-CDR, MSWEPv2 upscaled, and CHIRPSv2 upscaled when
evaluated with KGE’. For the RMSE, PERSIANN-CDR and TRMM
3B42RT had the best performance. TRMM 3B42RT presented the lowest
performance for the KGE. MSWEPv2, MSWEPv2 upscaled, and
CHIRPSv2 upscaled are relatively close to 1.0 in 8 and y while PESRI-
ANN-CDR presents a better correlation and vy. In the case of TRMM
3B42RT, the f and y components are farther but it has a relatively good
correlation. For RMSE, TRMM 3B42RT performs better than the gauge
corrected TRMM (3B42v7). However, TRMM 3B42v7 shows a better
performance in the KGE’ components than TRMM 3B42RT.

This difference at daily scale over Imperial Basin can also be ob-
served in Fig. 15. The boxplot titled Difference is calculated per station
and is the subtraction of the daily observed values and the selected SRE
values (observation - SRE) while the top-right boxplot titled Squared
difference shows this daily differences between observations and the
corresponding SRE squared. A positive value of the differences re-
presents underestimation values and a negative value represents over-
estimation values of the correspondent SRE. In the case of TRMM
3B42RT, is observed that this difference is greater than the obtained
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referred to the web version of this article.)
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with TRMM 3B42v7. However, due that RMSE penalizes the mis-
matches of heavy rain rate, the boxplot of the squared differences shows
the opposite. It is observed that TRMM 3B42RT performs better than
TRMM 3B42v7 when the RMSE and the squared differences are applied.
Also, CMORPHv1 shows a greater positive difference compared to
CHIRPSv2 and CHIRPSv2 upscaled but performs better using the RMSE.
In both cases, the KGE’ is able to capture the behavior of the SREs by
combining different measures of performance such as the linear cor-
relation, bias and variability ratio.

In Fig. 14 the evaluation of performance over Imperial Basin at
monthly scale can be also observed. For KGE, CHIRPSv2 and TRMM
3B42v7 performed the best, while for RMSE; MSWEPv2 and MSWEPv2
upscaled presented the best performance. MSWEPv2 and MSWEPv2
upscaled have a better correlation to the observations. However,
CHIRPSv2 and CHIRPSv2 upscaled present higher value of 3 and y.

As observed, RMSE and KGE’ can present different results when
evaluating the spatio-temporal performance of different SREs.
However, the KGE’ has proven to be a better index of performance due
to its ability of not penalize mismatches of heavy rain rate and its ability
of decomposing the total performance of the SREs into a linear corre-
lation (r), a bias (f), and a variability (y) terms (Fig. 15).

7. Conclusions

In this article, the performance of six state-of-the-art SREs (TRMM
3B42RT, TRMM 3B42v7, CMORPHv1, CHIRPSv2, PERSIANN-CDR and
MSWEPv2) was compared against 201 rain gauge stations over three
different catchments in Latin-America (Chile: Imperial River Basin,
Brazil: Paraiba do Sul Basin and Colombia: Magdalena River Basin). The
modified Kling-Gupta efficiency (KGE’) was used to evaluate the per-
formance of the different SREs at daily, monthly, and seasonal scales.
This index evaluates three different measures of performance between
the satellite and the observed data; the linear correlation (r), bias (f3),
and variability ratio (y) components which are able to reproduce the
temporal dynamics as well as preserving the volume and variability of
precipitation, respectively. The RMSE was also included in the eva-
luation because it is widely used in literature, and it was used to assess
whether it is a useful measure of performance or not. Also, the percent
bias (PBIAS) was computed to measure the average tendency of the
simulated values to be larger or smaller than the observations. In ad-
dition, three categorical indices (POD, FAR, and fBias) were used to
evaluate the performance of SREs for different precipitation intensities.
The main findings were:

Each evaluated satellite product performed differently for each
catchment and each time scale. MSWEPv2 performed the best over
Imperial and Paraiba do Sul and CHIRPSv2 for Magdalena River Basin,
when evaluated at daily scale. CHIRPSv2 presented the highest per-
formance over Imperial and Magdalena basins and MSWEPvV2 per-
formed the best over Paraiba do Sul, when evaluated at monthly
timescale. When the basins were evaluated at seasonal scale,
CMORPHvV1 performed the best for DJF and SON, TRMM 3B42v7 for
MAM, and PERSIANN-CDR for JJA over Imperial Basin. MSWEPv2
performed the best over Paraiba do Sul Basin for all seasons. CHIRPSv2
showed the best performance over Magdalena Basin. Finally, it is worth
to mention that the SREs, in general, the gauge-adjusted algorithms
tend to perform better than those with no ground-based adjustment. For
this reason, the independence of the validation dataset must be taken
into account before any comparison among SREs due that it may affect
the results of the evaluation.

The highest probability of detection (POD ~ 1) was obtained for the
no-rain intensities for all SREs over all the study areas. In general, all
SREs presented a low POD for high rain events. The moderate-rain
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events (from 5 to 20 mm d ~ 1) were the best captured in all basins when
precipitation was larger than 1 mmd ™. In particular, MSWEPv2 per-
formed considerably better for all rainfall intensities in Paraiba do Sul
compared to the rest of the SREs. The fBias presented higher variations
for the violent (higher than 40 mm) and the light rain events ([1, 5)
mm d~') which is in agreement with the observed in the POD index.
The results obtained with the false alarm ratio (FAR) showed con-
sistency with the results obtained with POD showing low values for the
no-rain events.

Despite the evolution of the satellite rainfall estimates, our results
confirm that a catchment-specific validation is still needed in order to
select a suitable SRE dataset for hydrological purposes. The results of
this validation cannot be extrapolated to other basins, this comparison
shows that the same satellite products present different behavior over
different areas. We invite the readers to validate the SREs before using
one over an area.

The Modified Kling-Gupta efficiency (KGE’) has proved to be a
useful evaluation index. It decomposes the performance of the SREs into
linear correlation (r), bias () and variability (y) parameters. These
parameters allowed us to understand the origin of mismatches between
SREs and observations.

The Root Mean Squared Error (RMSE) gives more weight to the
mismatches in two cases: i) when a low rainfall intensity is constantly
not detected, and ii) in high rain events because it gives more weight
squaring the difference of high values. Therefore, the RMSE is not re-
commended for evaluating SREs over an area for the aforementioned
reasons and because its results are not comparable between areas with
different precipitation regimes.

The upscaling procedure can affect the SRE performance and it may
vary between products, timescales, and regions. If an upscaling proce-
dure is performed while validating SREs over an area, the selection of
the best performing product can be affected by it. We recommend to
evaluate the performance before and after an upscaling procedure is
computed in order to select the most representative SRE of the spatio-
temporal precipitation patterns of an area. Also, the topography plays
an important role when upscaling an SRE. The stations with higher
performance differences between the original SRE and the upscaled one
were located close to elevation gradients. For this reason, if a validation
of different satellite rainfall estimates is needed in a mountainous area,
the upscaling procedure may affect the results, but if the topography is
not rugged, an upscaling procedure can enable a fair point-to-pixel
comparison among the evaluated SREs.
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Appendix A. Continous indices of model performance
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where n is the number of observations; O; and S; are the observed and the corresponding SRE values at day i, respectively; O and S- are the arithmetic
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1« N
RMSE = ;Z(yi—yi)z
i=1

(A5)
where n is the number of observations; yi and yi are the observed and the corresponding SRE values at day i, respectively.
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where n is the number of observations; Oi and Si are the observed and the corresponding SRE values at day i, respectively.
Appendix B. Categorical indices of model performance
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where H indicates a hit (a satellite estimate that correctly identifies the type of precipitation event measured at the rain gauge station); M indicates a
miss (an event recorded at the rain gauge but not correctly identified by the SRE); F represents a false alarm (a precipitation event detected by the
SRE but not recorded at the corresponding rain gauge).
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