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Abstract: This paper presents a comparison between rain gauge network and weather radar data in
Angra dos Reis city, located in the State of Rio de Janeiro (RJ), Brazil. The city has a high incidence of
natural disasters, especially associated with heavy rains in densely populated areas. In this work,
weather radar data with a spatial resolution of 1 km were obtained from dual-polarimetric S-band
radar operated by the Environmental State Institute of Rio de Janeiro (INEA), located in the Guaratiba
neighborhood in Rio de Janeiro city, Brazil; the rain gauge measurements were provided by the
National Center for Monitoring and Warning of Natural Disasters (CEMADEN), which is composed
of a network with 30 rain gauges covering the studied area. The comparison between the two datasets
enables the analysis of which radar products better fit the rain gauge network’s accumulated rainfall
by quantifying the uncertainties in precipitation estimates at radar pixels where rain gauges are
located. The results indicated that radar products generated with the help of regression techniques
obtained from the relation between radar reflectivities and rain gauge measurements were a better fit,
constituting essential information while dealing with efficient regulation for rainfall monitoring and
forecasting to minimize the risks associated with extreme events.

Keywords: rain gauge network; spatiotemporal variability; S-band radar; extreme events

1. Introduction

The vulnerability of urban areas to extreme events, particularly heavy rainfall, is a
known and widely discussed problem [1–5]. The global increases in urbanization and
population density in these areas, which are characterized by high levels of imperviousness
and shorter response times, require an improvement in their capacities to adapt to climate
change [6–10] and to better measure and model hydro-meteorological events [11–13].

Thus, there is great interest in assessing the reliability and spatiotemporal resolution of
the available data. In the case of obtaining urban catchment-scale rainfall data, two sensors
are mostly used: rain gauges and weather radars [14,15]. Rain gauges provide local rainfall
measurements, which are relatively accurate albeit unable to cover large areas with dense
networks and therefore limited in assessing the spatial rainfall variability [15–19]. On the
other hand, weather radars provide spatiotemporal rainfall estimates by surveying large
areas and have thus been used to address the sparseness of rain gauge networks [20–22].

Nevertheless, these weather radar estimates are not direct rainfall measurements such
as those provided by rain gauges. Weather radars perform reflectivity measurements, from
which rainfall intensities are indirectly obtained. This process has intrinsic uncertainties [23].
To cope with these uncertainties, some corrections have been applied [24]. In particular,
for high rainfall intensities, dual-polarization technology exploring the flatness of large
raindrops has been employed with the help of the specific differential phase (KDP) [25–29].

Water 2022, 14, 3944. https://doi.org/10.3390/w14233944 https://www.mdpi.com/journal/water

https://doi.org/10.3390/w14233944
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/water
https://www.mdpi.com
https://orcid.org/0000-0001-6465-3949
https://orcid.org/0000-0002-0612-8625
https://orcid.org/0000-0002-0023-8452
https://orcid.org/0000-0001-7233-3515
https://doi.org/10.3390/w14233944
https://www.mdpi.com/journal/water
https://www.mdpi.com/article/10.3390/w14233944?type=check_update&version=2


Water 2022, 14, 3944 2 of 21

The goal of this study was to perform a comparison between rain gauge network
and weather radar data in Angra dos Reis city, Brazil. The rain gauge measurements
were provided by the National Center for Monitoring and Warning of Natural Disasters
(CEMADEN), which is composed of a network with 30 rain gauges covering the studied
area. The weather radar data were the result of dual-polarimetric S-band radar (operated
by the Environmental State Institute of Rio de Janeiro—INEA [30]) located in the Guaratiba
neighborhood (with an average distance of approximately 70 km from Angra dos Reis) in
Rio de Janeiro city, Brazil. Thus, with this comparison, we analyzed which of Guaratiba’s
S-band radar products better fit the rain gauge network’s accumulated rainfall by quan-
tifying the uncertainties in precipitation estimates at radar pixels where rain gauges are
located. This is especially important to cope with the well-known difficulty of rain gauge
network sparseness [15,19,22]. Being able to estimate rainfall in ungauged areas with the
help of weather radars would help decision-makers to improve rainfall monitoring and
forecasting, minimizing the risks associated with extreme events.

To achieve these objectives, this paper is structured as follows: the second section presents
the case study description, rainfall data (obtained from rain gauge network and S-band radar),
the description of different radar products, the studied rainfall events, and the statistical
methods used to analyze the rainfall data comparison; the third section presents the results;
and finally, the fourth section presents the discussion and final considerations.

2. Materials and Methods
2.1. Case Study Area

Angra dos Reis is located in the southern region of the State of Rio de Janeiro, Brazil
(Figure 1). It is an 813.420 km2 semi-urbanized area with an estimated population of
210,171 inhabitants in 2021 [31], and it is located near an important nuclear power plant.
The region is situated in the context of the geomorphological domain of the escarpments of
Serra do Mar/Serra da Bocaina. The escarpments of Angra dos Reis are notable for having
steep faces facing the ocean, alternating with embedded river valleys. The geology of the site
is composed of igneous and metamorphic rocks of the Mesoproterozoic and Neoproterozoic
ages, as well as orogenic and post-orogenic granites [32]. The city is crossed by torrential
rivers with a torrential regime, grouping rivers into those that originate on the slopes of the
Serra do Mar or on the top of the plateau and its tributaries, which flow into the Ilha Grande
Bay [33].

Urbanization in the region has developed on slopes susceptible to shallow landslides
induced by heavy rainfall. Between 2016 and 2018, the municipality recorded 52 occurrences
of landslides, according to Civil Defense data [34]. It is noteworthy that, as in several other
Brazilian municipalities, the municipality of Angra dos Reis has undergone an intense and
disorderly process of urbanization, negatively affecting its sustainable development [35].
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Figure 1. Locations of the rain gauge network of the municipality of Angra dos Reis (RJ) and of 
Guaratiba’s S-band radar in the state of Rio de Janeiro, Brazil. 
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Rainfall data were obtained from the National Center for Monitoring and Warning 
of Natural Disasters (CEMADEN). The CEMADEN rain gauge network is composed of 
automatic rain gauges, which are connected to CEMADEN servers and transmit 
cumulative rainfall measurements in millimeters every 10 min. In periods where no rain 
is observed, rain gauges are configured to send an accumulated value of zero millimeters 
every 60 min. For this work, data from 30 rainfall stations located in the municipality of 
Angra dos Reis (RJ) were used (Figure 1 and Table 1).  

The rain gauge network data are verified by an activity control system developed by 
CEMADEN, which identifies faults and filters the data generated by faulty equipment. 
The rainfall data are then made available without undergoing any further processing.  

The rain gauges located in the city of Angra dos Reis were mostly distributed 
according to what the World Meteorological Organization (WMO) recommends for local-
scale and mesoscale forecasting [36] and were located at distances of 3 km to 100 km from 
each other, mainly covering the coastal region. Nevertheless, the sparseness of the rain 
gauges’ distribution is a major limitation on the network’s ability to cover the entire 
territory of the region. 

  

Figure 1. Locations of the rain gauge network of the municipality of Angra dos Reis (RJ) and of
Guaratiba’s S-band radar in the state of Rio de Janeiro, Brazil.

2.2. Rainfall Data
2.2.1. Rain Gauge Data

Rainfall data were obtained from the National Center for Monitoring and Warning
of Natural Disasters (CEMADEN). The CEMADEN rain gauge network is composed of
automatic rain gauges, which are connected to CEMADEN servers and transmit cumulative
rainfall measurements in millimeters every 10 min. In periods where no rain is observed,
rain gauges are configured to send an accumulated value of zero millimeters every 60 min.
For this work, data from 30 rainfall stations located in the municipality of Angra dos Reis
(RJ) were used (Figure 1 and Table 1).

The rain gauge network data are verified by an activity control system developed by
CEMADEN, which identifies faults and filters the data generated by faulty equipment. The
rainfall data are then made available without undergoing any further processing.

The rain gauges located in the city of Angra dos Reis were mostly distributed according
to what the World Meteorological Organization (WMO) recommends for local-scale and
mesoscale forecasting [36] and were located at distances of 3 km to 100 km from each
other, mainly covering the coastal region. Nevertheless, the sparseness of the rain gauges’
distribution is a major limitation on the network’s ability to cover the entire territory of the
region.
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Table 1. Identification, station name, and geographic coordinates of the 30 studied rain gauges.

ID Station Name Lat Lon

P1 Angra dos Reis −22.9785 −44.2958
P2 Areal −22.9820 −44.2920
P3 Ariró −22.9020 −44.3320
P4 BNH −22.9920 −44.2410
P5 Bracuí −22.9330 −44.3870
P6 Camorim −22.9980 −44.2640
P7 Camorim Pequeno −23.0050 −44.2790
P8 Enseada −22.9870 −44.3200
P9 Frade −22.9660 −44.4400
P10 Itanema −22.9230 −44.3590
P11 Manbucaba −22.9510 −44.5650
P12 Mombaça −23.0170 −44.2910
P13 Monsuaba −23.0100 −44.2220
P14 Monsuaba 2 −22.9870 −44.2180
P15 Parque do Belém −22.9604 −44.2941
P16 Parque Perequê −23.0140 −44.5330
P17 Ponta Leste −23.0520 −44.2430
P18 Pontal −22.9480 −44.3290
P19 Portogalo −23.0370 −44.1950
P20 Praia Brava −23.0050 −44.4800
P21 Praia da Chacara −23.0000 −44.3050
P22 Praia das Goiabas −23.0240 −44.5120
P23 Praia de Araçatiba −23.1550 −44.3270
P24 Praia de Bananal −23.1090 −44.2480
P25 Praia de Garatucaia −23.0370 −44.1770
P26 Praia Sitio Forte −23.1370 −44.2820
P27 São Bento −23.0120 −44.3220
P28 Serra d’Água −22.8890 −44.2780
P29 Vila do Abraão −23.1390 −44.1690
P30 Vila Velha −23.0240 −44.3490

2.2.2. Radar Data

The State of Rio de Janeiro (RJ) has two dual-polarization S-band Doppler weather
radars operated by the Environmental State Institute of Rio de Janeiro (INEA), located in the
region of Guaratiba in Rio de Janeiro−RJ (Lat: −22◦59′35.81077′′ S; Lon: −43◦35′16.65427′′ W;
Orthometric Height: 114.273 m + 4.35 m (tower floor) + 4.5 m (pedestal) ~ 123m) and in
Macaé−RJ city (Lat: −22◦24′20.99917′ ′ S; Lon: −41◦51′37.65632′ ′ W; Orthometric Height:
72.867 m + 4 m (tower floor) + 4.5 m (pedestal) ~ 81 m). The equipment is currently
configured to perform seven scans at different elevations (ranging from 0.5◦ to 7.5◦) every
5 min. These radars can estimate the amount of rain within a radius of approximately
250 km and a rain intensity up to 480 km. The implementation of this equipment officially
took place in February 2015, and the characteristics of its systems are summarized in
Table 2.

In this study, only Constant-Altitude Plan Position Indicator (CAPPI) products [37,38]
at 2 km height with a spatial resolution of 1 km, obtained from Guaratiba’s S-band radar
data, in scans of 5 and 10 min were used. The capture height value was considered,
assuming that precipitation measured above the surface takes 3 to 10 min to fall and that
convective rains tend to persist due to their evolutionary nature [37].

The CAPPI product was determined by converting the value of a radar field to a grid
point. The procedure is performed by interpolating the points collected within a given
radius of action and weighting these points close to the range of points on the grid by
the Barnes method [39]. In addition, filters are applied according to various criteria for
removing unwanted points in interpolation [39–41]. Although the Cressman filter [42] has
been widely used for Spatial Objective Analysis (SOA), the Barnes filter is preferable due
to the ease of calculating the response function [43]. The Barnes method is widely used in
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geospatial sciences to reshape data values recorded at points distributed in a representative
analytical field [44].

Table 2. Characteristics of dual-polarization S-band Doppler weather radars located in the State of
Rio de Janeiro, Brazil, operated by INEA.

Parameter Dual-Polarization S-Band Doppler Radar

Transmitter 2.8 GHz
Pulse Repetition Frequency (PRF) 600 Hz

Pulse width 1µsec
Pulse Repetition Time (PRT) 1.67 ms

Peak power ≥750 kW
Antenna gain, horizontal and vertical 45 dB

Antenna aperture 8.5
Beam width horizontal and vertical 1◦

Polarimetric mode STSR 1

Nyquist Velocity 48.195 m/s
Number of samples used to compute moments 60

Radar Receiver Bandwidth 1 MHz
Radar Transmit Power Horizontal and Vertical

Channel 800 watts

Scan mode Plan Position Indicator (PPI)
Radial range 250 km

Radar fields 2
UH, UV, DBZH, DBZV, ZDR, RHOHV, PHIDP,
NCPH, NCPV, SNRHC, SNRVC, VELH, VELV,

WIDTHH, WIDTHV, CCORH, CCORV

Notes: 1 Simultaneous Transmission and Simultaneous Reception; 2 UH is Unfiltered Reflectivity Factor H, UV is
Unfiltered Reflectivity Factor V, DBZH is Equivalent Reflectivity Factor H, DBZV is Equivalent Reflectivity Factor
V, ZDR is Log Differential Reflectivity H-V, RHOHV is Cross-Correlation Ratio H-V, PHIDP is Differential Phase
H-V, NCPH is Normalized Coherent Power H, NCPV is Normalized Coherent Power V, SNRHC is Signal-to-Noise
Ratio Co-polar H, SNRVC is Signal-to-Noise Ratio Co-polar V, VELH is Radial Velocity H, VELV is Radial Velocity
V, WIDTHH is Doppler Spectrum Width H, WIDTHV is Doppler Spectrum Width V, and CCORH is Clutter
Correction H, CCORV is Clutter Correction V.

Radar reflectivity (Z) can be converted into precipitation intensity (R) through several
empirical relationships, often called Z-R equations [45–47].

Z[dBZ] = a
(

R
[
mm·h−1

])b
(1)

where a and b are experimentally determined constants that are related to the drop size
distribution (DSD) in the atmosphere and radar reflectivity. DSD varies with the type and
phase of precipitation (solid or liquid) and also depends on geographic location, altitude,
and spatial exposure [48].

Through the introduction of double polarization in meteorology by weather radars [49],
significant improvements could be achieved in rain measurements. The effectiveness of
the use of dual-polarization radar for quantitative precipitation estimation (QPE) has been
demonstrated by several previous studies [47,50,51]. Significant advantages have been
observed in rainfall estimates using combinations of reflectivity (Z), differential reflectivity
(ZDR), and the specific differential phase (KDP) compared to traditional methods (Z-R).
The use of ZDR in combination with Z allows the mitigation of uncertainties related to DSD
variability, while KDP-based methods are less sensitive to DSD variations and are immune
to radar calibration errors, partial beam blocking, and attenuation by precipitation or a wet
radome [27,47,52]. Thus, a typical solution for S-band radars is a combination of an R(KDP)
relationship for higher rainfall rates and an R(Z,ZDR) relationship for lower rainfall rates,
where KDP becomes noisier and more susceptible to DSD [53]. A similar combination for
the determination of rain products was used by Paz et al. [17] in their research on the Bièvre
river basin.
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In this work, the specific differential phase (KDP) was calculated based on the vari-
ational method described by Maesaka et al. [54]. The authors identified that classical
methods such as iterative filtering and local linear regression [55] may also estimate a
negative KDP in the rain, although the positive value is expected for pure raindrops, which
generates problems in rain estimation and the correction of attenuation [37,54]. The estima-
tion method of the proposed KDP considers a monotonically increasing differential phase
of propagation, where the differential phase ΦDP (named PHIDP in Table 2) increases as
the radar range is limited to rain below the melting layer and/or hot clouds at weather
radar frequencies. The KDP estimated by this method always assumes a positive value.
The methodology can only be applied to radar data with a constant range resolution, being
considered a sophisticated processing technique by Ryzhkov and Zrnic [56].

KDP =
1
2

∂ΦDP
∂r

(2)

where r is the range.
In addition to these traditional relationships, methods combined with specific attenua-

tion (A) have also been explored due to the low sensitivity of the R(A) relationship to the
variability in DSD [53,57].

Specific attenuation (A) was obtained from the ZPHI method proposed by Testud
et al. [58]. The method aims to correct radar-derived data as a function of attenuation, taking
into account the variability in the drop size distribution (DSD) in the rainfall estimate [59].
Ryzhkov et al. [53] demonstrated that the use of attenuation for rainfall estimates is even
more promising on S-band radars when compared to shorter-wavelength radars, since the
specific attenuation is immune to reflectivity biases caused by incorrect radar calibration
and partial beam block and effects caused by a wet radome, and R(A) is also immune to
these factors. In addition, Le Bouar et al. [60] demonstrated significant advantages of the
use of this method in relation to classical Z-R methods that do not take into account the
attenuation.

The specific attenuation (A) is calculated from the radial profile of the attenuated
reflectivity (Za) and the differential phase ΦDP between intervals r1 and r2, where r1 is the
first gate that contains precipitation, and r2 is the last gate or gate immediately below the
bottom of the melting layer. In the case of dual-polarization radars, the plane-integrated
attenuation (PIA) is estimated using the full extent of the differential phase ΦDP along the
way to spread the rain ∆ΦDP [53,58,61–63].

A(r) =
[Za(r)]

βC(β, PIA)

Ia(r1, r2) + C(β, PIA)Ia(r, r2)
(3)

where
PIA = α∆ΦDP, PIA(r1, r2) = α[ΦDP(r2)−ΦDP(r1)] (4)

Ia(r1, r2) = 0.46β
∫ r2

r1

[Za(s)]
βds (5)

Ia(r, r2) = 0.46β
∫ r2

r
[Za(s)]

βds (6)

C(β, PIA) = exp(0.23 β PIA)− 1 (7)

where α is the net ratio between A and KDP over the radius at a given temperature, β
is a constant exponent that usually varies between 0.6 and 0.9 at microwave frequencies,
and Za represents the measured radar reflectivity that is not corrected by calibration and
attenuation, expressed as a linear scalar [53].

Statistical studies performed by Cocks et al. [57] using S-band radar for different types
of rain found that for continental rainfall events, α is on average 0.018 deg−1, and for
tropical rainfall events, α is on average 0.028 deg−1. These results are similar to the values
of α reported by Ryzhkov et al. [53], who used α values of 0.02–0.03 deg−1 for high-quality
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rainfall estimates in most areas of Hurricane Irene and 0.008–0.015 deg−1 for the Oklahoma
flood case. In this study, we used 0.02 deg−1 as the value of α, and β was set to 0.64884
according to Helmus and Collis [41], a value similar to that used by [53,62,63] (0.62). It is
noteworthy that, in this study, the product generated from the reflectivity corrected by the
attenuation [64] through the ZPHI methodology was used for comparative purposes with
the reflectivity of the equipment under study without any correction. Figure 2 illustrates
a comparison between Guaratiba’s radar reflectivity without (Figure 2a) and with the
ZPHI-method correction (Figure 2b).
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Figure 2. Illustration of different products of Guaratiba’s S-band radar reflectivity (a) without ZPHI-
method correction and (b) with the reflectivity corrected by the ZPHI methodology.

In this study, three Z-R relationships were used in combination with R(KDP) and
R(A) products for rainfall estimation. In addition, two corrected horizontal reflectivity
products (Zh) were also tested. In this study, the variable Zh1 denotes Guaratiba’s S-band
radar reflectivity without the ZPHI-method correction, and Zh2 refers to the reflectivity
corrected by the ZPHI-method attenuation. In the following, the six radar products are
detailed.

1. Product 1: R(Zh, KDP), Marshall–Palmer

Product 1 was generated from the application of reflectivities Zh1 and Zh2 in a hybrid
algorithm, which used the Z-R relationship for low rainfall intensity and R(KDP) for higher
rainfall intensity. The chosen threshold reflectivity value for the algorithm was 40 dBZ,
where, at usual weather radar wavelengths, strong echoes (>40 dBZ) are equivalent to
convective precipitation, with stronger echoes (>60 dBZ) usually associated with hail [37].
Additionally, since the KDP becomes noisy when Z < 40 dBZ for S-band radar [46,62,65,66],
the set value becomes a good choice.

R = 0.036·100.0625 dBZ f or Zh ≤ 40 dBZ, where Zh = Zh1 or Zh2
or

R = 50.7(KDP)
0.85 f or Zh > 40 dBZ

(8)

The Z-R relationship chosen for Product 1 was the one proposed by Marshall and
Palmer [45] (with parameters a = 200 and b = 1.6 in Equation (1)), which verified that
stratiform precipitations followed an exponential distribution. The R(KDP) relationship
was calculated using the DSD proposed by Beard and Chuang [67] and Gu et al. [64] for
determining the coefficients for S-band radar according to Figueras i Ventura et al. [27].
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2. Product 2: R(Zh, KDP), Morales

Product 2 follows the same premises as Product 1; however, the Z-R relationship
proposed by Morales Rodriguez [68] (with parameters a = 378 and b = 1.34 in Equation (1))
was used, which describes the DSD of convective rainfall through a Gamma function.

R = 0.012·100.0746 dBZ f or Zh ≤ 40 dBZ, where Zh = Zh1 or Zh2
or

R = 50.7(KDP)
0.85 f or Zh > 40 dBZ

(9)

3. Product 3: R(Zh, KDP), Pluv

Product 3 follows the premises of Product 1, but the Z-R relationship was obtained by
determining a power function between the local measurements from the 30 rainfall stations
for the five studied events and the reflectivities Zh1 and Zh2 through the least-squares
method, as shown in Figure 3. The obtained Z-R parameters in Equation (1) were a = 3.181
and b = 0.7104 for the Z-R relationship with Zh1, and a = 43.583 and b = 0.6723 for the Z-R
relationship with Zh2.

R = 0.196·100.1408 dBZ f or Zh1 ≤ 40 dBZ,
or

R = 50.7(KDP)
0.85 f or Zh1 > 40 dBZ

(10)

and
R = 0.0036·100.1487 dBZ f or Zh2 ≤ 40 dBZ,

or
R = 50.7(KDP)

0.85 f or Zh2 > 40 dBZ
(11)
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Figure 3. Different regressions developed in this work between Guaratiba’s S-band radar data and
rain gauge measurements: (a) method of least squares applied to Zh1 (radar reflectivity without
ZPHI-method correction); (b) method of least squares applied to Zh2 (radar reflectivity corrected by
ZPHI methodology).

4. Product 4: R(Zh, A), Marshall—Palmer

Product 4 was obtained through the Marshall—Palmer Z -R relationship [45] (with
parameters a = 200 and b = 1.6 in Equation (1)) for low rainfall intensity (≤ 40 dBZ ) and
the R(A) relationship for higher rainfall intensity (> 40 dBZ ). The R(A) algorithm used
by Ryzhkov et al. [53] and Wang et al. [61] was also used in this study.

R = 0.036·100.0625 dBZ f or Zh ≤ 40 dBZ, where Zh = Zh1 or Zh2
or

R = 4120·(A)1.03 f or Zh > 40 dBZ
(12)
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5. Product 5: R(Zh, A), Morales Product 5 was obtained through the Z-R relationship
proposed by Morales Rodriguez [68] (similar to Product 2, with parameters a = 378
and b = 1.34 in Equation (1)) for low rainfall intensity (≤ 40 dBZ) and the R(A)
relationship for higher rainfall intensity (> 40 dBZ). Similar to Product 4, the R(A)
algorithm used by Ryzhkov et al. [53] and Wang et al. [61] was also used in this study.

R = 0.012·100.0746 dBZ f or Zh ≤ 40 dBZ, where Zh = Zh1 or Zh2
or

R = 4120·(A)1.03 f or Zh > 40 dBZ
(13)

6. Product 6: R(Zh, A), Pluv Product 6 was also obtained through the Z-R relationship
for low rainfall intensity (≤ 40 dBZ) and the R(A) relationship for higher rainfall
intensity (> 40 dBZ). The Z-R relationships were those used in Product 3. Similar to
Product 4, the R(A) algorithm used by Ryzhkov et al. [53] and Wang et al. [61] was
also used in this study.

R = 0.196·100.1408 dBZ f or Zh1 ≤ 40 dBZ,
or

R = 4120·(A)1.03 f or Zh1 > 40 dBZ
and

(14)

R = 0.0036·100.1487 dBZ f or Zh2 ≤ 40 dBZ,
or

R = 4120·(A)1.03 f or Zh2 > 40 dBZ
(15)

2.2.3. Rainfall Events Studied

The rainfall data obtained from these stations were used to study five severe precip-
itation events that affected the region, spread over 17 days. The events’ selection was
based on the work of Alves [34], who studied the occurrence of mass movements in the
city of Angra dos Reis associated with intense precipitation. Table 3 presents the studied
rainfall events, the number of rain gauges used in each event, the rain gauges’ and radar’s
temporal resolutions, and the number of radar time steps per event. In this study, only
CAPPI products [37,38] at a 2 km height, generated from Guaratiba’s radar data, in scans
of 5 and 10 min were used.

Table 3. Rainfall events, the number of rain gauges used in each event, the rain gauges’ and radar’s
temporal resolutions, and the number of radar time steps per event.

Event ID Event Duration Number of Rain
Gauge Stations

Rain Gauges’
Temporal Resolution

Radar’s Temporal
Resolution and

Number of Time Steps

Event 1 14 December 2016 (00:00:00 UTC-3)–18
December 2016 (23:50:00 UTC-3) 29 1 10 min 10 min (720)

Event 2 21 January 2017 (00:00:00 UTC-3)–23
January 2017 (23:50:00 UTC-3) 27 2 10 min 10 min (227)

Event 3 13 March 2017 (00:00:00 UTC-3)–18
March 2017 (23:50:00 UTC-3) 27 3 10 min 10 min (720)

Event 4 12 December 2017 (00:00:00 UTC-3)–13
December 2017 (23:55:00 UTC-3) 28 4 10 min 5 min (275)

Event 5 3 July 2018 (00:00:00 UTC-3)–4 July
2018 (23:55:00 UTC-3) 22 5 10 min 5 min (201)

Notes: 1 There were no data from rain gauge P1. 2 There were no data from rain gauges P1, P11, and P29. 3 There
were no data from rain gauges P11, P23, and P29. 4 There were no data from rain gauges P4 and P23. 5 There were
no data from rain gauges P1, P4, P7, P12, P18, P19, P23, and P28.
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2.3. Statistical Methods

To statistically analyze the comparison between the rain gauge network measurements
and Guaratiba’s radar data, four standard metrics were used in this study considering time
series A and B, with the same number N of time steps.

1. The Root-Mean-Square Error (RMSE) between actual and predicted time series:

RMSE(A, B) =

√
1
N ∑i(Ai − Bi)

2 , (16)

2. The Pearson correction coefficient (Corr ∈ [−1, 1]) estimates the strength and direction
of the linear relationship between time series:

Corr(A, B) =
∑i
[(

Ai − Ai
) (

Bi − Bi
)]√

∑i
(

Ai − Ai
)2
√

∑i
(

Bi − Bi
)2

, (17)

3. The Nash–Sutcliffe efficiency (Nash ∈ (−∞ , 1]) measures how well the outputs of
a model reproduce observations against a model that uses only the average of the
observed data:

Nash(A, B) = 1− ∑i(Bi − Ai)
2

∑i
(

Bi − Bi
)2 . (18)

4. The mean absolute error (MAE) between actual and predicted time series:

MAE(A, B) =
1
N ∑i|Ai − Bi| . (19)

3. Results

In this section, a comparative analysis is carried out between the total precipitation
measured at the 30 selected rain gauges located in Angra dos Reis (RJ) and the rainfall
estimates computed from the different products generated with Guaratiba’s S-band radar
data.

3.1. Rain Gauge Data vs. Estimated Rainfall Radar Dara from Reflectivity Zh1

Firstly, Figure 4 presents the total accumulated precipitation of all studied rain gauge
stations and Guaratiba’s six S-band radar products using Zh1 (radar reflectivity without
ZPHI-method correction) at radar pixels where rain gauges are located for all five studied
events.

In Event 1, it is observed that in the total accumulated precipitation comparison, the
total rainfall estimates from Products 3 and 6 were the closest to the rain gauges’ total
measurements. Product 3 was closer to the rain gauges’ accumulated measurements in 18
of the 29 (62.1%) active rain gauges in this event, with a mean absolute difference of 34.0%
of the total accumulated precipitation (which corresponds to a mean absolute difference of
14.0 mm). Product 6 was the second-best estimator, having been the closest product to the
rain gauges’ accumulated measurements in 11 of the 29 (37.9%) active rain gauges, with a
mean absolute difference of 44.7% of the total accumulated precipitation (corresponding to
a mean absolute difference of 18.4 mm). In addition, there is a general underestimation in
Products 1, 2, 4, and 5.
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In Event 2, Product 3 presented the best estimates when compared to the total value of
the accumulated rainfall in 21 of the 27 (77.7%) active rain gauges in this event, with a mean
absolute difference of 30.8% of the total accumulated precipitation (which corresponds to
a mean absolute difference of 19.0 mm). In addition, similar to Event 1, Products 1, 2, 4,
and 5 underestimated the rainfall when compared with the rain gauge measurements in
this event. On the other hand, in this event, Product 6 considerably overestimated the rain
gauge measurements.

In Event 3, Product 3 was also the one that best estimated the total accumulated rainfall
values observed in all 27 of the 27 (100%) active rain gauges studied, with a mean absolute
difference of 22.7% of the total accumulated precipitation (which corresponds to a mean
absolute difference of 28.8 mm). In addition, similar to Events 1 and 2, Products 1, 2, 4, and
5 underestimated the rainfall when compared with the rain gauge measurements in this
event. In addition, similar to Event 2, Product 6 considerably overestimated the rain gauge
measurements in this event.

In Event 4, it is observed that Product 3 presented closer estimates to 14 of the 28 (50%)
active rain gauges than the other Products, with a mean absolute difference of 63.4% of
the total accumulated precipitation (which corresponds to a mean absolute difference of
17.5 mm), and Product 6 presented closer estimates to the other 14 of the 28 (50%) active
rain gauges than the other Products, with a mean absolute difference of 60.4% of the total
accumulated precipitation (corresponding to a mean absolute difference of 16.7 mm). In
addition, there is an underestimation, for the most part, of all products, including Products
3 and 6 but even more pronounced for Products 1, 2, 4, and 5.

In Event 5, Product 6 presented the best estimates in 9 of the 22 (40.9%) active rain
gauges, Product 3 was closer to the total accumulated measurements in 2 of the 22 (9.1%)
active rain gauges, and in the other 11 of the 22 (50%) active rain gauges, both Products
3 and 6 shared the best estimates, presenting comparable values. Thus, we may say that
Product 6 presented the best estimates in 20 of the 22 (90.9%) active rain gauges, with a
mean absolute difference of 48.0% of the total accumulated precipitation (corresponding
to a mean absolute difference of 25.4 mm). In addition, similar to Event 4, there is an
underestimation, for the most part, of all products, including Products 3 and 6 but even
more pronounced for Products 1, 2, 4, and 5.

Furthermore, Figure 5 presents the statistical indices (RMSE, Pearson correction coeffi-
cient, Nash–Sutcliffe efficiency, and mean absolute error) obtained from the comparison
between the rainfall time series of all studied rain gauge stations and the rainfall time series
obtained from Guaratiba’s six S-band radar products at radar pixels where rain gauges are
located for all five studied events.

In Event 1, the analyses carried out through RMSE and MAE showed that Products 1,
2, 4, and 5 performed better than Products 3 and 6; the analyses of the Corr index showed
mostly similar coefficients of all products, with some important differences at a few rain
gauges, and Nash index analyses showed that Products 1, 2, 4, and 5 mostly better fit the
rain gauge data time series.

In Event 2, the analyses carried out through RMSE and MAE showed that Products 1,
2, 3, 4, and 5 performed better than Product 6; the analysis of the Corr index showed that
Product 6 had a better correlation, with some important differences in a few rain gauges,
and the analysis of the Nash index showed that Products 1, 2, 3, 4, and 5 better fit the time
series of rain gauge data.

In Event 3, the analyses carried out through RMSE showed that Products 1, 2, 4, and
5 performed better than Products 3 and 6; the analysis of the Corr index showed mostly
similar coefficients for all products except for Product 3, which presented worse Pearson
correction coefficients than the others, and the Nash index analysis revealed that Products
1, 2, 4, and 5 better fit the time series of rain gauge data.
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In Event 4, the analysis carried out through RMSE and MAE showed similar errors
in all products; the analysis of the Corr index showed mostly similar coefficients, and the
Nash index analysis also showed similarities among the products.

In Event 5, the analysis carried out through RMSE showed that Products 1, 2, 3, 4,
and 5 performed better than Product 6; the analysis of MAE showed similar errors in all
products; the analysis of the Corr index showed mostly similar coefficients, with some
important differences in a few rain gauges, and the Nash index analysis also showed
similarities among the products.

3.2. Rain Gauge Data vs. Estimated Rainfall Radar Data from Reflectivity Zh2

After applying the ZPHI methodology to correct Guaratiba’s S-band radar reflectivity
and obtaining Zh2, we reanalyzed the six radar products with this correction in all five
studied events. Figure 6 presents the total accumulated precipitation of all studied rain
gauge stations and Guaratiba’s six S-band radar products using Zh2 at radar pixels where
rain gauges are located.
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In Event 1, it was found that the values estimated by Products 3 and 6 were the closest
to the accumulated total measured by rain gauges. Product 3 was the closest in 11 of
the 29 (37.9%) active rain gauges, with a mean absolute difference of 52.5% of the total
accumulated precipitation for Product 3 (which corresponds to a mean absolute difference
of 21.6 mm). Product 6 was the second-best estimator, being the closest product to the
accumulated measurements of the rain gauges in 11 of the 29 (37.9%) active rain gauges,
with an absolute mean difference of 58.6% of the total accumulated rainfall (corresponding
to a mean absolute difference of 24.1 mm). Furthermore, it is evident that although there
is still a general underestimation in Products 1, 2, 4, and 5, after applying the reflectivity
correction by the ZPHI method, the values of these products were maximized.

In Event 2, the estimates of the total accumulated precipitation of Product 3 were the
closest to the total rain gauge measurements in 13 of the 27 (48.15%) active rain gauges, with
a mean absolute difference of 34.3% of the total accumulated rainfall (corresponding to a
mean absolute difference of 21.2 mm). Furthermore, Products 1, 2, 4, and 5 were maximized
after applying the reflectivity correction by the ZPHI method but still underestimated the
rain gauge data.

In Event 3, similar to Event 2, the estimates of the total accumulated precipitation of
Product 3 were the closest to the total rain gauge measurements in 23 of the 27 (85.2%)
active rain gauges, with a mean absolute difference of 32.2% of the total accumulated
rainfall (corresponding to a mean absolute difference of 40.9 mm). Furthermore, Products
1, 2, 4, and 5 were also maximized after applying the reflectivity correction by the ZPHI
method but still underestimated the rain gauge data.

In Event 4, the estimates of the total accumulated precipitation of Product 6 were the
closest to the total rain gauge measurements in 10 of the 28 (35.71%) active rain gauges,
with a mean absolute difference of 60.3% of the total accumulated rainfall (corresponding
to a mean absolute difference of 16.7 mm). Furthermore, Products 1, 2, 4, and 5 were also
maximized after applying the reflectivity correction by the ZPHI method, getting closer to
the rain gauge measurements and, in some cases, overestimating them.

In Event 5, the estimates of total accumulated precipitation of Product 6 were the
closest to the total rain gauge measurements in 9 of the 22 (40.9%) active rain gauges.
Product 3 was closer to the total accumulated measurements in 4 of the 22 (18.2%) active
rain gauges, and in the other 8 of the 22 (36.4%) active rain gauges, both Products 3 and 6
shared the best estimates, presenting comparable values; in 1 of the 22 (4.5%) active rain
gauges, both Products 1 and 4 shared the best estimates, presenting comparable values.
Thus, we may say that Product 6 presented the best estimates in 17 of the 22 (77.3%) active
rain gauges, with a mean absolute difference of 44.8% of the total accumulated precipitation
(corresponding to a mean absolute difference of 22.7 mm). In addition, Products 1, 2, 4, and
5 were maximized after applying the reflectivity correction by the ZPHI method but still
underestimated the rain gauge data.

Furthermore, Figure 7 presents the statistical indices (RMSE, Pearson correction coeffi-
cient, Nash–Sutcliffe efficiency, and mean absolute error) obtained from the comparison
between the rainfall time series of all studied rain gauge stations and the rainfall time series
obtained from Guaratiba’s six S-band radar products at radar pixels where rain gauges are
located for all the five studied events.

In Event 1, the analyses carried out using the RMSE, Corr, and Nash metrics show
that all products presented similar behavior, with some important differences in a few rain
gauges for Products 3 and 6. Nevertheless, when analyzing MAE estimates, it is observed
that Products 1, 2, 4, and 5 present slightly better behavior than Products 3 and 6.

In Event 2, the RMSE and MAE indices showed that Products 1 and 2 performed
better than Products 3, 4, 5, and 6; the analysis of the Corr index showed mostly similar
coefficients for Products 1 and 2, with some important differences in a few rain gauges, and
the Nash index analysis showed that Products 1, 2, 4 and 5 better fit the time series of rain
gauge data.
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In Event 3, the RMSE and MAE indices showed that Products 1, 2, 4, and 5 performed
better than Products 3 and 6; the analysis of the Corr index showed mostly similar coeffi-
cients for Products 1, 2, 4, 5, and 6 with some important differences in a few rain gauges,
and the Nash index analysis showed that Products 1, 2, 4, and 5 better fit the time series of
rain gauge data.

In Event 4, the RMSE and MAE indices showed that all products presented similar
behavior, except for Product 3 in some rain stations; the analysis of the Corr index showed
mostly similar coefficients for all products, with some important differences in a few rain
gauges, and the Nash index analysis showed that Products 1, 2, 4, 5, and 6 better fit the
time series of rain gauge data.

In Event 5, the analysis carried out using the RMSE, MAE, Corr, and Nash metrics
shows that all products presented similar behavior, with some important differences in a
few rain gauges for Products 3 and 6.
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4. Discussion

The present study performed a rainfall data comparison over the municipality of
Angra dos Reis, located in the state of Rio de Janeiro, Brazil. Two main data sources
were used in this work: a rain gauge network with 30 pluviometric stations installed
in the case study area, managed by the National Center for Monitoring and Warning of
Natural Disasters (CEMADEN), and S-band radar covering the studied area operated
by the Environmental State Institute of Rio de Janeiro (INEA), located in the Guaratiba
neighborhood in the municipality of Rio de Janeiro (RJ), Brazil.

Weather radar estimates are affected by different factors (e.g., beam blocking, the
altitude of the observation, path attenuation, the indirectness of the measurement, and
distance). Many researchers have already performed comparisons between radar and rain
gauges in terms of precipitation amounts [69,70]. An observed limitation of this study is
the lack of a specific Z-R relationship for the case study area. Studies with disdrometers
have been used to determine a power law function to characterize the size and velocity
of precipitation particles [71], which could be carried out for this region. In this way, a
region-specific Z-R relationship could be used to minimize the bias, especially for low radar
reflectivity (≤ 40 dBZ). To cope with this limitation, some Z-R relationships have been
tested in this work. Nevertheless, in a future study, other different regression techniques
could be tested to analyze the best performance of the data, including for different severe
events.

In this work, six different radar data products (with and without ZPHI-method correc-
tion) were statistically compared with local rain gauge measurements by quantifying the
uncertainties in precipitation estimates at radar pixels where rain gauges are located. These
products combined three Z-R relationships (Marshall–Palmer, Morales Rodriguez, and one
obtained by determining a power function between local measurements from the 30 rainfall
stations for the five studied events and the radar reflectivities through the least-squares
method) applied for low rainfall intensity (≤ 40 dBZ) and two polarimetric S-band radar
moments (KDP and attenuation) for higher rainfall intensity (> 40 dBZ). The proposed
Z-R relationships were studied to identify a relationship that would better adapt to the
conditions of the region, since there were no previous studies on a specific Z-R relationship
for this locality.

The results show that the precipitation obtained from Guaratiba’s S-band radar data
Products 1, 2, 4, and 5 has been highly underestimated when compared with the actual
rainfall values measured by local rain gauges. On the other hand, the use of the ZPHI
method to correct radar reflectivity proved to be a great alternative to minimize these biases,
since the reflectivity previously corrected by this method allowed the generation of more
reliable rainfall estimates when compared to the rain gauge measurements.

Furthermore, it is evident in our study that the estimates computed by Products 3
and 6 are generally the best for calculating accumulated precipitation in the severe events
studied when compared to the rain gauge measurements. This is because these products
make use of a power law that directly relates the radar reflectivity values to the rain gauge
measurements through regression techniques and therefore reduce the bias caused by the
incorrect calibration of the radar.

Although the results obtained with Products 3 and 6 are better than conventional
techniques at first glance, they are directly based on the spatiotemporal interval from which
they were generated, increasing the error with the spatiotemporal scale or even being
unusable when applied to different events. In addition, the larger the number of samples,
the more difficult it is to determine a power law that can be applied with confidence in
any event. Therefore, an algorithm that defines a reliable power law based on regression
techniques would be needed to continuously self-adjust and have efficient tools for outlier
elimination in real time. Such a model would require a high computational capacity and
would be directly related to the mesh of rain gauges that would need to feed it back
all the time. A sparse rain gauge network would directly increase the estimation errors.
Therefore, these characteristics make these models difficult to implement in real-time
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rainfall forecasting systems. Nevertheless, this will also be an issue of future work by this
research group.

Finally, this work constitutes essential information for dealing with efficient regulation
for rainfall monitoring and forecasting to minimize the risks associated with extreme events.
This is especially important due to the significant variation in the occurrence and intensity
of natural disasters associated with climate change (e.g., droughts, heatwaves, and floods)
on seasonal, annual, and interdecadal scales [72–74].
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