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Abstract: The spatial and temporal distribution of precipitation is of great importance for the rain-
fed agricultural production and the socioeconomics of Mato Grosso (MT), Brazil. MT has a sparse
network of ground rain gauges that limits the effective use of precipitation information for sustainable
agricultural production and water resources in the region. Several gridded precipitation products
from remote sensing and reanalysis of land surface models are currently available that can enhance
the use of such information. However, these products are available at different spatial and temporal
resolutions which add some challenges to stakeholders (users) to identify their appropriateness for
specific applications (e.g., irrigation requirements, length of growing season, and drought monitoring).
Thus, it is necessary to provide an assessment of the reliability of these precipitation estimates. The
objective of this work was to compare regional precipitation estimates over MT as provided by
the Global Land Data Assimilation (GLDAS), Modern-Era Retrospective Analysis for Research
and Applications (MERRA), Tropical Rainfall Measurement Mission (TRMM), Global Precipitation
Measurement (GPM), and the Global Precipitation Climatology Project (GPCP) with ground-based
measurements. The comparison was conducted for the 2000–2018 period at eleven ground-based
weather stations that covered different climate zones in MT using daily, monthly, and annual temporal
resolutions. The comparison used the Pearson correlation index–r, Willmott index–d, root mean
square error—RMSE, and the Wilks methods. The results showed GPM and GLDAS estimates did
not differ significantly with the measured daily, monthly, and annual precipitation. TRMM estimates
slightly overestimated daily precipitation by about 4.7% but did not show significant difference on
the monthly and annual scales when compared with local measurements. The GPCP underestimated
annual precipitation by about 7.1%. MERRA underestimated daily, monthly, and annual precipitation
by about 22.9% on average. In general, all products satisfactorily estimated monthly precipitation,
and most of them satisfactorily estimated annual precipitation; however, they showed low accuracy
when estimating daily precipitation. The TRMM, GPM, GPCP, and GLDAS estimates had the highest
performance, from high to low, while MERRA showed the lowest performance. The findings of this
study can be used to support the decision-making process in the region in application related to
water resources management, sustainability of agriculture production, and drought management.
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1. Introduction

The state of Mato Grosso (MT) has the third largest territorial area among the Brazilian
states [1]. The economy of Mato Grosso is strongly dependent on agrobusiness produc-
tion [2,3]. The agricultural activities in the state is characterized by increased production of
rain-fed pasture (for livestock) and soybean [4]. Within a 20-year period, cropland of soy-
bean increased by about 275% [3]. Based on 2017 estimates, Mato Grosso was considered
the largest producer of soybean as it accounted for ~28.9% of all production in Brazil. The
sustainability rainfed agricultural production and water resources is therefore affected by
the spatial and temporal distribution of precipitation [3,4]. Similarly, precipitation plays
a key role in evaluating drought conditions [5], streamflow forecasting [6], and regional
water balance [7]. In common, these activities require adequate knowledge of precipitation
dynamics [4]. For agricultural production, monitoring precipitation is essential to charac-
terize agricultural zoning, crop planting, irrigation depth (requirements), and harvesting
periods in MT [8–10]. The precipitation in MT varies, on average, from 1200 to 2200 mm
year−1 [8]. This spatial variation occurs due to the state’s geographical location in the
central region of South America, where intertropical and extratropical systems interact [11].

The highest amounts of precipitation occur in the northern part of the state, followed
by the central, eastern, and southern regions, and are associated with the development
of equatorial fronts that emerges from the Amazon during the rainy season [8]. Winter
precipitation is influenced by cold fronts that influence the dry season in the state [12].
In addition to macroscale phenomena, the biophysical characteristics of the surface, such
as vegetation and geographic relief, also influence the distribution of precipitation in the
state [8]. However, the current spatial distribution of the weather stations in Mato Grosso is
not geographically representative of the entire extent of the state, and the accessibility to the
data is also limited due to the high number of measurement failures from methodological,
technical, and geographic issues [13].

Precipitation estimates in places where there is no weather station can be obtained us-
ing several other alternative methods, among them, reanalysis products such as those from
the Global Land Data Assimilation (GLDAS) and the Modern-Era Retrospective Analysis
for Research and Applications (MERRA), and remote sensing products such as those from
the Tropical Rainfall Measurement Mission (TRMM), Global Precipitation Measurement
(GPM), and the Global Precipitation Climatology Project (GPCP). However, these prod-
ucts have their own advantages and disadvantages. The reanalysis methods can provide
precipitation estimates at relatively high spatial resolution and represent the precipitation
processes in synoptic scale properly, but recent findings suggested that they tend to have
a high level of uncertainty when mesoscale convective regimes occur [14]. On the other
hand, remote sensing products provide relatively better estimates but their estimates can
be affected by the characteristics of the terrestrial surface and the microphysics of clouds,
which may confuse high-level (cold) cloud tops with precipitation occurrence [15].

The socioeconomic of Mato Grosso is dependent on providing highly accurate spatial
and temporal distribution of precipitation. Taking advantage of the several currently
available precipitation products, it is important to provide an assessment and improved un-
derstanding of how these products are able to represent the spatial and temporal variability
precipitation in the region. The objective of this study was to compare the precipitation
estimated by the GLDAS, MERRA, TRMM, GPM, and GPCP products with ground obser-
vations in Mato Grosso. The analysis evaluated the performance of these products at daily,
monthly, and annual time scales as well as spatially over Mato Grosso. The remaining of
this paper was organized to provide a description of the study area, data and methods of
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evaluation used, summary of obtained results, discussions of the observed spatiotemporal
variability, and conclusions.

2. Materials and Methods
2.1. Study Area

The state of Mato Grosso has an area of 903,206,997 km2 and is in the Midwest
region of Brazil (6◦ S, 19.45◦ S and 50.06◦ W, 62.45◦ W). It has an estimated population
of 3,484,466 inhabitants, and a population density of 3.36 inhabitants per 1 km2 [1]. The
state of Mato Grosso extends over three biomes: Amazon rainforest, savanna (Cerrado),
and Pantanal. These ecosystems have two well-defined seasons (dry and rainy), in which
the northern region has higher rainfall, followed by the central, eastern, and southern
regions [11,12]. According to the Köppen classification, the climate in the northern region
is considered an Am class (humid or sub-humid tropical climate). The climate in the central
and southern regions is considered an Aw class (tropical climate, with dry winter) [16].
The climate of the state of Mato Grosso is controlled by tropical and subtropical large
and mesoscale systems [11]. However, there is a local effect on precipitation. The uneven
heating of the surface causes convective rain, especially during the wet season. Thus,
relatively close locations (less than 5 km) may have precipitation events of different duration
and intensity, or a precipitation event may occur in one region and not in another. The
(Padre Ricardo Remetter) PRR region is rural, while (Cuiabá) CBA is urbanized, leading
to the occurrence of more frequent convective rains in PRR than in CBA. Thus, the daily
and monthly average precipitation in PRR is higher than in CBA. The annual average of
precipitation in PRR and CBA are statistically similar because, in this temporal scale, the
large and mesoscale tropical and subtropical systems prevail over the local convection.

2.2. Precipitation Observations

Precipitation measurements were available for the period between 2000 and 2018 at
eleven conventional weather stations (Table 1) as obtained from the Instituto National de
Meteorologia (INMET) through the Meteorological Database for Education and Research
(BDMEP) [17]. These stations are installed in the municipalities of Cáceres (CCR), Canarana
(CNR), Cuiabá (CBA), Diamantino (DMT), Gleba Celeste (GBC), Matupá (MTP), Nova
Xavantina (NVX), Padre Ricardo Remetter (PRR), Poxoréu (PXR), Rondonópolis (RDP), and
São José do Rio Claro (SJRC). The spatial distribution of these weather station is shown in
Figure 1. These 11 stations were selected because they provided more consistent long-term
measurements with minimal number of missing observations (less than 5–10%). Increased
number of missing data makes the comparison at the monthly and annual time scale
unrealistic. The highest temporal resolution of these measurements was a daily time scale;
thus, the data did not allow to compare precipitation at the sub-daily time scale.

The distribution of weather stations does not homogenously represent the entire extent
of the state for several reasons. One of the main reasons is the difficulty of geographic
access. The southern part of the state is formed by the Pantanal which is the world’s largest
floodplain, the northern region is formed by the Amazon rainforest and the northeast
region is formed by a complex mosaic of indigenous lands (i.e., managed by native people).
The locations of the weather stations have followed the state’s territorial occupation pattern
since the 1970s.

The CBA and PRR stations are near each other with only 30 km apart. Thus, the pixels
(the station location nearest to the center of the pixel) of the GLDAS, TRMM, and GPM
products in these two stations are not the same, but the corresponding pixels of the MERRA
and GPCP products related to these two stations can be the same. The precipitation
measurements by these two stations were not averaged as they provided statistically
different averages at the daily and monthly time scale.
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Table 1. Available data from conventional weather stations, including Cáceres (CCR), Canarana
(CNR), Cuiabá (CBA), Diamantino (DMT), Gleba Celeste (GBC), Matupá (MTP), Nova Xavantina
(NVX), Padre Ricardo Remetter (PRR), Poxoréu (PXR), Rondonópolis (RDP), and São José do Rio Claro
(SJRC), used to validate precipitation estimates for Global Land Data Assimilation (GLDAS), Modern-
Era Retrospective Analysis for Research and Applications (MERRA), Tropical Rainfall Measurement
Mission (TRMM), Global Precipitation Measurement (GPM), and the Global Precipitation Climatology
Project (GPCP) products in the state of Mato Grosso, Brazil.
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2.3. Precipitation Estimates

Precipitation estimates based on the GLDAS, MERRA, TRMM, GPM, and GPCP prod-
ucts as summarized in Table 2 were obtained from Giovanni Platform of the National Aero-
nautics and Space Administration (NASA) (https://giovanni.gsfc.nasa.gov/giovanni/).

Table 2. Spatial and temporal resolutions and versions of each of the precipitation products used
over the state of Mato Grosso, Brazil.

Products Version Spatial Resolution Temporal Resolution

GLDAS GLDAS_NOAH025 v2.1 0.25◦ (25 km) Daily/Monthly/Annual
MERRA M2T1NXFLX v5.12.4 0.5◦ × 0.625◦ (50 × 65 km) Daily/Monthly/Annual
TRMM TRMM_3B42 v7 0.25◦ (25 km) Daily/Monthly/Annual
GPM GPM_3IMERGDF v06 0.1◦ (10 km) Daily/Monthly/Annual
GPCP GPCPMON v3.0 0.5◦ (50 km) Monthly/Annual

The GLDAS uses global land surface models to generate (develop) near real time
products land surface fluxes and states by ingesting (being forced by ground- and satellite-
based data [18]). The main objective of the GLDAS was to develop terrestrial surface model
outputs that preserve the climatological consistency [18]. Since its development, GLDAS
has developed a number of versions with improved products based on Noah, VIC, Mosaic,
and Catchment land surface models. In this study, out of the three components of the
GLDAS version 2 (GLDAS 2.0, GLDAS 2.1, and GLDAS 2.2), precipitation estimates from
GLDAS 2.1 Noah Model 3.6 was used. GLDAS 2.1 does not include the data assimilation
process, combines mode and surface observations, and has 3 h and monthly products
since 2000. The 3 h estimates were aggregated to daily time scale to match that of the
measurements. It should be noted that the GLDAS 2.1 was the forces with the GPCP V1.3
daily precipitation fields between 2000–2001 and AGREMET since 2001.

The MERRA version 2 is a reanalysis of satellite observations projected conducted by
the NASA Global Modeling and Assimilation Office (GMAO). MERRA uses the Goddard
Earth Observing System Version 5 (GOES-5) model focusing on historic climate analysis,
and its dataset provides precipitation estimates based on a large number of satellite ob-
servations and general circulation models [19,20] in combination with weather stations
observation to parameterize initial conditions. Version 5.12.4 of MERRA-2 uses microwave
and hyperspectral infrared measurements, and it is available at 1 h temporal resolution.
The 1 h estimates were aggerated to daily time scale to match that of the measurements.

The TRMM Multi-Satellite Precipitation Analysis (TMPA) provided precipitation
estimates by combining data from 3 sensors i.e., precipitation radar (PR), microwave imager
(TMI), and visible and infrared (VIRS), as well as gauge observations [21]. TRMM era data
is available from 1997 until 2019 as it seized operation in 2015. The science community
transitioned to the GPM that was launched in 2014 with its improved precipitation product.
The TRMM 3B42 v7 product was developed to maximize the quality of precipitation data
for applied research in meteorology and hydrology globally [22]. It should be noted that
more consistent TRMM 3B42 v7 data were the one available for the period between January
1998 to September 2014. After this period until December 2019, the 3B42 v7 algorithm was
processed in parallel with GPM (IMERG). The TRMM data were available at the daily time
scale—the same temporal resolution of that of the measurements.

The GPM is considered a successor of TRMM with enhanced rain and snow observa-
tion. The GPM Core Observatory was launched in February 2014 with Dual-Frequency
Precipitation Radar (DPR) and GPM Microwave Imager (GMI) instruments [23] to create a
global precipitation dataset [23]. The GPM has uses its Integrated Multi-Satellite Retrievals
(IMERG) algorithm to develop a global precipitation dataset from a satellite constellation
in collaboration with international members [23] (i.e., 6 passive microwave radiometers
and 5 geosynchronous infrared sensors). The IMERG algorithm also fuses TRMM historic
data (from 2000 to 2015) with the recent GPM (i.e., DPR and GMI) observations (from 2014
onward) to provide long-term precipitation dataset. The highest temporal resolution of

https://giovanni.gsfc.nasa.gov/giovanni/
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GPM is 30 min and was accumulated and processed by the GES DISC to the daily time
scale. It should be noted that while GPM and TRMM mostly use the same input datasets,
their different algorithms used in producing these estimates allowed GPM to provide its
high frequency precipitation values (30 min). This allows to capture the temporal evolu-
tion of precipitation events more accurately; thus, it is expected to obtain more accurate
time-averaged daily values.

The GPCP is part of the Global Climate and Energy Exchange Project (GEWEX) of
the World Climate Research Program (WCRP), to maintain homogeneous global record of
long-term precipitation estimates and information for climate studies. GPCP, which has
data available since 1983, is based on five dataset (i.e., passive microwave, IR, and gauges)
mainly from geostationary satellites and surface measurements of precipitation [24]. One
of these five datasets include TRMM Composite Climatology (TCC) which was developed
to be used for global scale modeling such as GCM [25]. The highest temporal resolution to
GPCP is the monthly time scale; thus, the measurements were aggregated to monthly in
order to be compared with GPCP.

2.4. Performance Indicators

The daily, monthly, and annual precipitation estimates as provided by these different
products were analyzed only when there were no data gaps in the corresponding observa-
tions from conventional weather stations. The geographic location of each weather stations
was matched with a corresponding pixel (closest to the center of a pixel) of the gridded
products (i.e., from remote sensing and reanalysis) (Figure 2). Direct comparison of point
to pixel values allowed to preserve the integrity of the gridded precipitation estimates
(without altering their values). Thus, no resampling or aggregation of the gridded data
in terms of the spatial resolution was conducted since this also requires running all pre-
cipitation algorithms used to develop these products—which is beyond the scope of this
analysis. Thus, the comparison of the gridded data with station data was conducted using
their native spatial resolution.
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The daily, monthly, and annual averages of precipitation values (both estimates and
measurements) along with their respective confidence intervals (±95%) were calculated
using a bootstrapping resampling technique with 1000 interactions. The bootstrap allows
to estimate randomly repeated samples for a dataset of the same size as the original sample.
The confidence interval indicates the reliability of an estimate. Based on this method, the
obtained averages particularly of those of the measurements from nearby stations (i.e.,
CBA and PRR) are significantly different.

The correlation between measured and estimated precipitation values was evalu-
ated using the Pearson correlation index—r, which indicates the degree of the agreement
between two data sets (Equation (1)):

r = ∑(Pi − P)(Oi −O)√
∑(Pi − P)2 ∑(Oi −O)2

, (1)

where Pi is the estimated precipitation value (on daily, monthly, or annual time scale),
i represents a numerator for the number of observations from 1 to n with n the total
number (days, month, years). P is the average of the estimated precipitation value, Oi is
the measured precipitation value, and O is the average of the measured precipitation.

The agreement between observed and estimated precipitation was also assessed using
the index of agreement—d (Equation (2)) as proposed by [26]. This index ranges from zero
to one, representing non-agreement and perfect agreement, respectively [11]:

d = 1−
[

∑(Pi −Oi)
2

∑(|Pi −O|+ |Oi −O|)2

]
. (2)

The analysis of the average error in precipitation estimates was assessed using the root
mean square error (RMSE) (Equation (3)), where n is the number of observations. RMSE
values close to zero is expected for reduced error and increased accuracy [11]:

RMSE =

√
∑(Pi −Oi)

2

n
. (3)

The performance of the products in detecting daily precipitation events was evaluated
using the Wilks method proposed by [27], which utilizes categorical indices (Equations (4)–
(7)) that are based on the correctness or error criteria of the estimates relative to the
measured values (Table 3).

Table 3. Contingency table to assess the accuracy of the daily GLDAS, MERRA, TRMM, and GPM
products in the state of Mato Grosso, Brazil. The table was not applied to GPCP since it does not
provide estimates of daily precipitation.

Contingency Table
Measured

Rainfall No Rainfall

Estimated
Rainfall a b

No Rainfall c d

The contingency table suggested that if a product indicated that there was (or was
not) precipitation during a particular day, so as the measurements from a weather station,
then this day can be accounted in category a (or d). Thus, the total number of days that
were correctly assigned precipitation values (regardless of their accuracy) can be calculated.
On the other hand, if a product indicated that there was (or was not) precipitation during a
particular day but actually there was not (or was), based on measurements, then this day
can be accounted in category b (or c).
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The ratio (dimensionless) of occurrences of precipitation events to those that did not
occur was obtained through the False Alarm Ratio (FAR) indicator, which has an ideal
value of zero (Equation (4)):

FAR =
b

a + b
. (4)

The ability of a product to correctly (or not) precipitation events was determined by
the Probability of Detection (POD) indicator (dimensionless ratio). POD values close to 1
indicate better model accuracy in predicting the precipitation event (Equation (5)):

POD =
a

a + c
. (5)

The tendency of a precipitation product to overestimate or underestimate the total
number of events (thus potentially the precipitation amounts) was determined by the BIAS
(dimensionless) (Equation (6)), where BIAS = 1, BIAS > 1, and BIAS < 1 represent perfect
agreement, overestimation, and underestimation, respectively:

BIAS =
a + b
a + c

. (6)

The proportion in the number of correctly predicted precipitation events to the cases
where there were no precipitation events was provided by Critical Success Index (CSI)
indicator (dimensionless), with ideal value of 1 (Equation (7)):

CSI =
a

a + b + c
. (7)

In the validation of models of natural phenomena, it is necessary to determine if their
behavior is similar to that of the observed. Thus, the Taylor diagram was used to concisely
summarize the degree of correspondence between estimated and measured data [28].
Taylor diagram allows to visually presents descriptive statistical summary that include the
standard deviation, correlation coefficient (r), and the RMSE [28].

3. Results
3.1. Assessment of Temporal Accuracy

The daily precipitation estimates by the TRMM consistently overestimated the corre-
sponding measurements by about 4.7%. Monthly and annual precipitation estimates by
TRMM were not significant different from the corresponding measurements. Similarly,
monthly precipitation estimates by the GPCP did not show significant difference when
compared with measurements, however, the annual precipitation estimates overestimated
the measurements by 7.1%. Precipitation estimates by MERRA consistently underestimated
observations by an average of about 22.9% on the three-time scales (i.e., daily, monthly,
and annual). The precipitation estimated by the GLDAS and GPM products did not differ
significantly on all the three-time scales (daily, monthly, and annual) when compared with
the measurements. A relatively similar performance by the TRMM was also observed at the
monthly and annual precipitation estimates and by the GPCP at the monthly precipitation
estimates (Figure 3).
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Figure 3. Averages values with the corresponding ± Confidence Interval (CI) of (A) daily (mm day−1), (B) monthly (mm
month−1), and (C) annual (mm year−1) precipitation as measured by conventional weather stations and estimated by
GLDAS, MERRA, TRMM, GPM, and GPCP products in the state of Mato Grosso, Brazil. For (A), the daily values for the
entire study period were averaged, while for (B), the monthly values for all months during the study period were averaged,
and the annual values in (C) were the annual values averaged for all years during the study period.

Daily precipitation estimates based on the GPM had the highest correlation and
Willmott coefficients and the smallest error (r = 0.49; d = 0.68; and RMSE = 11.25 mm day−1)
than those provided by all other products. On the other hand, the daily precipitation
estimated by MERRA had lowest correlation and Willmott coefficients and highest error
(r = 0.20; d = 0.35; and RMSE = 13.93 mm day−1) (Figure 4A).

The monthly precipitation estimates by the GPM resulted in r = 0.93; d = 0.96; and
RMSE = 45.26 mm month−1 and those by the TRMM resulted in r = 0.93; d = 0.96; and RMSE
= 48.75 mm month−1. Both GPM and TRMM monthly estimates had higher correlation
and Willmott coefficients and smaller error than those provided by the other three products
(i.e., MERRA, GLDAS, GPCP). The monthly precipitation estimated by MERRA resulted in
the lowest correlation and Willmott coefficients and the highest error with r = 0.76; d = 0.84;
and RMSE = 92.40 mm month−1 (Figure 4B).

On an annual time scale, the performance of precipitation estimates from all products
was similar to that of the monthly time scale, with highest correlation and Willmott coeffi-
cients and the lowest error provided by the GPM (r = 0.86; d = 0.90; and RMSE = 207.98 mm
year−1) and TRMM (r = 0.80; d = 0.86; and RMSE = 198.44 mm year−1) (Figure 4C).

Based on the Wilks performance indicators (Equations (4)–(7)), the daily precipitation
estimates by the TRMM provided the best performance as indicated by the categorical
indices with CSI = 0.49, POD = 0.57, and FAR = 0.22. However, the daily products by
the GPM, TRMM, GLDAS, and MERRA tended to underestimate the occurrence of daily
precipitation events, with a BIAS that ranged from 0.33 to 0.74. MERRA persistently
provided an occurrence of daily precipitation events and resulted in CSI = 0.33, POD = 0.33,
FAR = 0, indicating that it estimated a high number of events on days when, in reality,
there were no daily precipitation events (Figure 4D).
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Figure 4. Taylor diagrams showing the comparisons of (A) daily (mm day−1), (B) monthly (mm
month−1), (C) annual (mm year−1) measured and estimated precipitation as well as (D) the perfor-
mance diagram of GLDAS, MERRA, TRMM, GPM, and GPCP products in the state of Mato Grosso,
Brazil. In panels A, B, and C, the Pearson correlation coefficient (r) is represented by the azimuth
angle (black outlines), the Root Mean Square Error (RMSE) is represented by the red dashed outlines,
and the standard deviation (SD) was indicated on the x and y axes, respectively. In panel D, the
probability of detection (POD) is represented on the x and y axes; the BIAS was indicated by the
dashed black lines; and the critical success index (CSI) is represented by continuous black lines. For
(A), the daily values for the entire study period were averaged, while for (B), the total monthly values
for all months during the study period were averaged, and the annual values in (C) were the annual
values averaged for all years during the study period.

3.2. Spatial Variability

Generally, the performance of the daily, monthly, and annual precipitation estimated
by the GPM in all locations did not significantly differ from the measurements. The
GLDAS underestimated daily precipitation in CNR by about 14% and overestimated
daily and annual precipitation in PRR (21%), CCR (17%), and RDP (23%). The TRMM
overestimated daily precipitation in PRR (22%) and RDP (15%). The GPCP overestimated
annual precipitation in PRR (25%) and RDP (28%). The MERRA product underestimated
daily, monthly, and annual precipitation from 19.3% to 35.4% in all but three stations that
include MTP, GBC, and SJRC, where there was no significant difference when compared
with the measurements (Figure 5). The performance of individual precipitation products in
terms of spatial variability was detailed below.
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Figure 5. Average values with the corresponding ± Confidence Interval (CI) of (A) daily (mm day−1), (B) monthly (mm
month−1), and (C) annual (mm year−1) precipitation as measured by conventional weather stations and estimated by the
GLDAS, MERRA, TRMM, GPM, and GPCP products in the state of Mato Grosso, Brazil. For (A), the daily values for the
entire study period were averaged, while for (B), the total monthly values for all months during the study period were
averaged, and the annual values in (C) were the annual values averaged for all years during the study period.

3.2.1. GLDAS

The daily precipitation estimates by GLDAS had the highest correlation and Willmott
coefficients in GBC with r = 0.46 and d = 0.62 and the lowest in PRR with r = 0.35 and
d = 0.55. The highest RMSE was obtained with the daily precipitation estimates in MTP
with an RMSE of 12.88 mm day−1 and the lowest was in CCR (RMSE = 10.05 mm day−1)
(Figure 6A). The monthly precipitation estimates had highest correlation and Willmott
coefficients in GBC (r = 0.92 and d = 0.96) and the lowest, but significant, in CBA (r = 0.82
and d = 0.90). The highest error in the monthly precipitation estimates was obtained in
CRR with an RMSE = 75.12 mm month−1 and the smallest was in CCR (RMSE = 53.83
mm month−1) (Figure 6B). The annual precipitation estimates showed higher variability in
the correlation and Willmott coefficients in different locations, with the highest values of
r = 0.89 and d = 0.88 and the lowest error of RMSE = 100.51 mm year−1 obtained in GBC
(Figure 6C).

The daily precipitation estimated by GLDAS in MTP had the highest performance
as indicated by the categorical indicators with CSI = 0.55, FAR = 0.04%, BIAS = 0.59, and
POD = 0.57). It was noticed that the resulted categorical indices tended to decrease with
increasing latitude, until reaching the lowest values in CCR of CSI = 0.32, POD = 0.32,
FAR = 0.06, and BIAS = 0.35) (Figure 6D).
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Figure 6. Taylor diagrams showing the comparisons of (A) daily (mm day−1), (B) monthly (mm
month−1), and (C) annual (mm year−1) measured and estimated precipitation, as well as (D) the
performance diagram of the GLDAS product at each of the weather stations in the state of Mato
Grosso, Brazil. In panels (A–C), the Pearson correlation coefficient (r) is represented by the azimuth
angle (black outlines), the RMSE was represented by the red dashed outlines, and the standard
deviation (SD) was indicated by the x and y axes, respectively. In panel (D), the probability of
detection (POD) is represented on the x and y axes; the BIAS was indicated by the dashed black
lines; and the critical success index (CSI) is represented by continuous black lines. For (A), the daily
values for the entire study period were averaged, while for (B), the total monthly values for all
months during the study period were averaged, and the annual values in (C) were the annual values
averaged for all years during the study period.

3.2.2. MERRA

The daily precipitation estimates by MERRA had the highest correlation and Will-
mott coefficients in CNR (r = 0.24 and d = 0.43). The highest and smallest errors in the
daily precipitation estimates were obtained in GBC (RMSE = 16.11 mm day−1) and in
CCR (RMSE = 11.07 mm day−1) (Figure 7A). The monthly precipitation had the highest
correlation in CNR (r = 0.82) and the highest Willmott coefficients in MTP and GBC with
both had d = 0.87. The smallest error in monthly precipitation estimates was obtained in
PRR (RMSE = 71.60 mm month−1) (Figure 7B). The annual precipitation estimates did not
show any significant correlation in DMT and SJRC, had the highest correlation coefficients
in CBA (r = 0.78), and the highest error in MTP (RMSE = 355.65 mm year−1) (Figure 7C).
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Figure 7. Taylor diagrams showing the comparisons of (A) daily (mm day−1), (B) monthly (mm
month−1), and (C) annual (mm year−1) measured and estimated precipitation, as well as (D) the
performance diagram of the MERRA product at each of the weather stations in the state of Mato
Grosso, Brazil. In panels (A–C), the Pearson correlation coefficient (r) is represented by the azimuth
angle (black outlines), the RMSE was represented by the red dashed outlines, and the standard
deviation (SD) was indicated by on the x and y axes, respectively. In panel (D), the probability of
detection (POD) is represented on the x and y axes; the BIAS was indicated by the dashed black
lines; and the critical success index (CSI) was represented by continuous black lines. For (A), the
daily values for the entire study period were averaged, while for (B), the total monthly values for all
months during the study period were averaged, and the annual values in (C) were the annual values
averaged for all years during the study period.

The daily precipitation estimates by the MERRA in MTP showed the highest per-
formance in detecting precipitation events as indicated by the categorical indices with
CSI = 0.42, FAR = 0, and BIAS = 0.42. The lowest performance was shown in CCR with
CSI = 0.23, FAR = 0, and BIAS = 0.23. Apparently, MERRA had consistently estimated
the occurrence of precipitation events as indicated with the high values of probability of
occurrence (Figure 7D).

3.2.3. TRMM

The daily precipitation estimates by the TRMM had the highest correlation and
Willmott coefficients in SJRC (r = 0.51 and d = 0.69), and the lowest in PXR (r = 0.35
and d = 0.57). The lowest error in daily precipitation estimates was obtained in CCR
(RMSE = 10.69 mm day−1) and the largest was obtained in MTP (RMSE = 13.72 mm day−1)
(Figure 8A). The monthly precipitation estimates had the highest performance in DMT
(r = 0.96; d = 0.98; and RMSE = 36.89 mm month−1) and the lowest (i.e., highest error) in
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PRR (RMSE = 54.84 mm month−1) (Figure 8B). The annual precipitation estimates had the
highest correlation and Willmott coefficients and the lowest error in GBC (r = 0.91; d = 0.94;
and RMSE = 136.26 mm year−1), the lowest correlations and highest errors in RDP (r = 0.42;
d = 0.59; and RMSE = 259.37 mm year−1) and PRR (r = 0.79; d = 0.85; and RMSE = 341.44
mm year−1) (Figure 8C).

The daily precipitation estimates showed the highest performance in detecting the
occurrence of daily events in MTP as indicated by the categorical indices (CSI = 0.58;
POD = 0.68; and FAR = 0.19), and the lowest performance in CCR (CSI = 0.37; POD = 0.43;
and FAR = 0.26). In addition, the BIAS indicated that the TRMM underestimated the
occurrence of precipitation events with BIAS values ranged from 0.59 to 0.85 (Figure 8D).

Water 2021, 13, x FOR PEER REVIEW 14 of 20 
 

 

 

Figure 8. Taylor diagrams showing the comparisons of (A) daily (mm day−1), (B) monthly (mm 

month−1), and (C) annual (mm year−1) measured and estimated precipitation, as well as (D) the 

performance diagram of the TRMM product at each of the weather stations in the state of Mato 

Grosso, Brazil. In panels (A–C), the Pearson correlation coefficient (r) was represented by the azi-

muth angle (black outlines), the RMSE was represented by the red dashed outlines, and the stand-

ard deviation (SD) was indicated by the x and y axes, respectively. In panel (D), the probability of 

detection (POD) is represented on the x and y axes; the BIAS was indicated by the dashed black 

lines; and the critical success index (CSI) was represented by continuous black lines. For (A), the 

daily values for the entire study period were averaged, while for (B), the total monthly values for 

all months during the study period were averaged, and the annual values in (C) were the annual 

values averaged for all years during the study period. 

The daily precipitation estimates showed the highest performance in detecting the 

occurrence of daily events in MTP as indicated by the categorical indices (CSI = 0.58; 

POD = 0.68; and FAR = 0.19), and the lowest performance in CCR (CSI = 0.37; POD = 0.43; 

and FAR = 0.26). In addition, the BIAS indicated that the TRMM underestimated the oc-

currence of precipitation events with BIAS values ranged from 0.59 to 0.85 (Figure 8D). 

3.2.4. GPM 

The daily precipitation estimates by the GPM had the highest correlation and Will-

mott coefficients and the lowest error in NXV (r = 0.59; d = 0.75; and 

RMSE = 9.17 mm day−1). The lowest correlation coefficients and the highest error in DMT 

(r = 0.39; d = 0.59; and RMSE = 12.74 mm day−1) (Figure 9A). In contrast, the monthly pre-

cipitation estimates had the highest correlation and Willmott coefficients with error in 

DMT (r = 0.95; d = 0.97; and RMSE = 37.35 mm month−1) (Figure 9B). The annual precipi-

tation estimates had the highest correlation and Willmott coefficients in CBA (r = 0.99 and 

d = 0.87) and DMT (r = 0.90 and d = 0.94), and the lowest ones in PRR (r = 0.02) and 

PXR (r = 0.21) (Figure 9C).  

 1 

SDMeasured (mm day–1) SDMeasured (mm month–1) 

SDMeasured (mm year–1) 

Figure 8. Taylor diagrams showing the comparisons of (A) daily (mm day−1), (B) monthly (mm
month−1), and (C) annual (mm year−1) measured and estimated precipitation, as well as (D) the
performance diagram of the TRMM product at each of the weather stations in the state of Mato
Grosso, Brazil. In panels (A–C), the Pearson correlation coefficient (r) was represented by the azimuth
angle (black outlines), the RMSE was represented by the red dashed outlines, and the standard
deviation (SD) was indicated by the x and y axes, respectively. In panel (D), the probability of
detection (POD) is represented on the x and y axes; the BIAS was indicated by the dashed black
lines; and the critical success index (CSI) was represented by continuous black lines. For (A), the
daily values for the entire study period were averaged, while for (B), the total monthly values for all
months during the study period were averaged, and the annual values in (C) were the annual values
averaged for all years during the study period.

3.2.4. GPM

The daily precipitation estimates by the GPM had the highest correlation and Willmott
coefficients and the lowest error in NXV (r = 0.59; d = 0.75; and RMSE = 9.17 mm day−1).
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The lowest correlation coefficients and the highest error in DMT (r = 0.39; d = 0.59; and
RMSE = 12.74 mm day−1) (Figure 9A). In contrast, the monthly precipitation estimates
had the highest correlation and Willmott coefficients with error in DMT (r = 0.95; d = 0.97;
and RMSE = 37.35 mm month−1) (Figure 9B). The annual precipitation estimates had the
highest correlation and Willmott coefficients in CBA (r = 0.99 and d = 0.87) and DMT
(r = 0.90 and d = 0.94), and the lowest ones in PRR (r = 0.02) and PXR (r = 0.21) (Figure 9C).
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Figure 9. Taylor diagrams showing the comparisons of (A) daily (mm day−1), (B) monthly (mm
month−1), and (C) annual (mm year−1) measured and estimated precipitation, as well as (D) the
performance diagram of the GPM product at each of the weather stations in the state of Mato Grosso,
Brazil. In panels (A–C), the Pearson correlation coefficient (r) was represented by the azimuth angle
(black outlines), the RMSE was represented by the red dashed outlines, and the standard deviation
(SD) was indicated by the x and y axes, respectively. In panel (D), the detection probability (POD) is
represented on the x and y axes; the BIAS was indicated by the dashed black lines; and the critical
success index (CSI) was represented by continuous black lines. For (A), the daily values for the entire
study period were averaged, while for (B), the total monthly values for all months during the study
period were averaged, and the annual values in (C) were the annual values averaged for all years
during the study period.

The best performance of the GPM in detecting the occurrence of daily precipitation
events was in MTP as indicated by the categorical indices with CSI = 0.55, FAR = 0.03,
BIAS = 0.58, and POD = 0.56 and the lowest was in PXR (CSI = 0.42, POD = 0.43, FAR = 0.03,
and BIAS = 0.44) (Figure 9D).
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3.2.5. GPCP

The monthly precipitation estimates by the GPCP had correlation coefficients rang-
ing from 0.81 to 0.95 and Willmott’s coefficients ranging from 0.88 to 0.97. The highest
coefficients were obtained in DMT (r = 0.95, d = 0.97). The smallest error in the monthly
precipitation estimates was in CCR (RMSE = 39.14 mm month−1) and the largest was
in RDP (RMSE = 75.62 mm month−1) (Figure 10A). The lowest correlation and Willmott
coefficients and the highest error in annual precipitation was obtained in PRR (r = 0.06;
d = 0.41; RMSE = 456.86 mm year−1). The annual precipitation estimates had the highest
correlation coefficient in CNR (r = 0.88), the highest Willmott coefficient in GBC (d = 0.88)
and the lowest error in CCR (RMSE = 157.76 mm year−1) (Figure 10B).
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Figure 10. Taylor diagrams showing the comparisons of (A) monthly (mm month−1) and (B) annual
(mm year−1) of the GPCP product at each of the weather stations in the state of Mato Grosso, Brazil.
In panels (A,B), the Pearson correlation coefficient (r) was represented by the azimuth angle (black
outlines), the RMSE was represented by the red dashed outlines, and the standard deviation (SD) was
indicated by the axes x and y, respectively. For (A), the monthly values for the entire study period
were averaged, while for (B), the annual values for all years during the study period were averaged.

4. Discussion

Generally, this analysis indicated that remote sensing and reanalysis products per-
formed better in the northern part of the state where the greatest precipitation amounts
occur. The identification of a precipitation product with a high accuracy of daily, monthly,
or annual estimates varies according to the study site. However, the results showed that
products from remote sensing were more accurate than those based on reanalysis [29].

4.1. Assessment of Temporal Accuracy

The daily precipitation estimates by all products had lower performance compared
with those at the monthly and annual time scales when assessed against the measurements.
This is because remote sensing products are based on instantaneous observations, for
example, 3 h intervals (discrete observations) which are then scaled over a given pixel to
daily precipitation values, while local measurements provide accumulated/averaged over
time (continues observations). Although the products by GLDAS, MERRA, and GPCP do
not directly use data from these sensors, they can present these errors, as they indirectly
use products based on these sensors in their models. Thus, the longer the precipitation
accumulation period, the greater the probability these products will estimate values close
to those measured at the surface [30]. Moreover, the rapid development of convective
precipitation processes in the region is common. These products are unable to estimate
daily precipitation with the same precision as the weather stations [31]. The monthly and
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annual precipitation estimated by the TRMM and GPM products showed higher correlation
and Willmott coefficients and smaller errors. This occurred because the remote sensing
precipitation estimates assimilate a higher frequency of high intensity events [32].

4.2. Spatial Variability

In contrast, the spatial differences between precipitation estimates by remote sensing
and reanalysis, and the measurements at the weather stations can be partly due to dif-
ferences in the spatial scales represented by these techniques. A rain gauge consists of a
point measurement, while the gridded products (i.e., satellites and land surface models or
reanalysis) obtain an average value over the analyzed pixel, although there are different
adjustments depending on the local characteristics of each region [33,34]. As a result,
satellites and reanalysis products have the ability to estimate precipitation events in areas
that a rain gauge was unable to record [30]. It should be noted that remote sensing prod-
ucts can mistakenly estimate precipitation events due to the thickness and temperature of
clouds [34].

The GLDAS product uses data from several satellites and rain gauges in its model.
The satellite information is based on infrared and microwave sensors, including the TRMM
satellite, which justified its relatively improved results [18]. On the other hand, there are
some uncertainties that can occur in the data used in developing the GLDAS product, due
to the small number of rain gauges and the quality of their measurements in the region [29].

The GPCP tended to overestimate precipitation because the region is strongly influ-
enced by mesoscale convective systems and cold fronts, which provide strong convection
and cloud formation (Cirrus), which are more complex to assimilate [35]. As with the
GLDAS product, GPCP uncertainties may increase due to the fact that this product uses
and combines indirect estimates of precipitation from satellite sensors (visible, infrared,
and microwave) as well as rain gauges to calibrate its input data [36].

The MERRA product had noticeable limitations as it underestimated precipitation in
all locations, and it percutaneously estimated precipitation events that were not measured at
the weather stations [37]. In addition, this reanalysis product has a low spatial resolution—
a characteristic that makes it difficult to estimate and detect the occurrence of precipitation
events in Mato Grosso where precipitation events have high spatiotemporal variability
and are mainly influenced by convective events. Convective precipitation events are more
complex to be assimilated by reanalysis models [32,38–40].

Moreover, MERRA uses average surface precipitation data (rain gauges) to establish
its initial conditions from the National Oceanic and Atmospheric Administration (NOAA)
Unified Gauge-Based Analysis of Global Daily Precipitation. Therefore, the estimated
precipitation in the center of South America has low accuracy due to the low density of plu-
viometric stations—indicating an issue of discontinuity in precipitation measurements [20].
There was not enough information available about how many precipitation stations within
Mato Grosso were directly used in developing MERRA, if any. The study by [20] indicated
that MERRA estimates showed increased error in the Amazon due to sharp decline in
the number of precipitation stations used in MERRA from 350 between 1980–2004 to only
65 since 2004. Precipitation estimates by MERRA are closely dependent on the GEOS-5
Catchment land surface model, which can also be highly sensitive to changes in other
hydrological variables. In addition, the precipitation measurements used as input in the
GEOS-5 model can generate uncertainty in the estimates because the model and the cali-
bration period of the instruments are heterogeneous [40]. A study carried out in the central
region of South America, evaluated the MERRA estimates based on an earlier version of
this product and found an opposite relationship with the surface precipitation data. The
study justified this error due to the low density of installed rain gauges in this region [41].

5. Conclusions

The objective of the study was to compare precipitation estimates based on remote
sensing from GPM, TRMM, and GPCP; and reanalysis from GLDAS and MERRA products
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with measurements from conventional weather stations over the state of Mato Grosso.
In general, temporally, both remote sensing and reanalysis precipitation products have
satisfactorily estimated the monthly and much of the annual amounts. However, at daily
time scales, some of these products showed low correlations with the measurements from.
Precipitation estimates by the remote sensing products from GPM, TRMM, and GPCP
had better performance compared to those based on reanalysis from GLDAS and MERRA.
Precipitation products from GPM have an advantage over those from TRMM and GPCP.
The performance of GPM and TRMM products, from high to low, was followed by those
from the GPCP and GLDAS while MERRA showed the lowest performance.

Spatially, precipitation estimates by TRMM, GPM, GPCP, and GLDAS showed higher
correlation coefficients, from high to low, and lower errors, from low to high, respectively
within the Amazon biome in the northern region than in the Cerrado and Pantanal in
the southern regions of Mato Grosso. In contrast, MERRA estimates showed lower cor-
relation and higher errors in all regions of the state. These findings, though, should be
viewed along with the fact that the northern part of the state is represented by large scale
tropical precipitation and cloud systems with less spatial variability that make it easy to
estimate precipitation. These systems gradually become small scale scattered and more
spatially variable clouds towards the southern regions as the climate eventually transition
to subtropical when moving more south. While the northern region was represented with
low density measurements stations, the southern regions were represented with relatively
higher measurements density but not high enough to capture the spatial variability of
these small-scale cloud systems. This combination should explain the performance of these
precipitation estimates from north to south of Mato Grosso.

This study demonstrated which remote sensing and reanalysis products can best serve
as an alternative in the absence of rain gauge measurements. The findings of this assessment
are expected to aid research and applications that require this type of precipitation data in
Mato Grosso including sustainable agricultural production, hydrological analysis, water
resources management, and drought management. Finally, this study also indicated that
it is important to increase the number of weather stations to allow for a more spatially
representative evaluation of precipitation estimates and measurement.
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