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Abstract
Rainfall data forecasting is essential in agricultural sciences due to impacts caused by water excess or deficit on crop growth. Our
study aimed to develop a method to select rainfall forecast models using references with negligible error denoted as the gold
standard. To this end, we used forecasting models from national centers such as Canadian Meteorological Center (CMC), European
Center for Medium-Range Weather Forecasts (ECMWF), National Center for Environmental Prediction (NCEP), and Center for
Weather Forecasting and Climate Studies (CPTEC). The study area comprised the western mesoregion of Paraná State (Brazil), and
data were gathered from October to March between the soybean crop seasons of 2010/2011 and 2015/2016. Ten-day period
clusters, corresponding to 240 h forecasts in the centers, were used to assess agreement with the gold standard. Our results
showed that forecasting center selection must be based on rainfall value ranges and geographic locations. Selection according to
the highest agreement with the gold standard was estimated at 76.9% for range 1 in CPTEC, 38.5% for range 2 and 4 in ECMWF,
and 38.5% for range 3 in NCEP. In conclusion, the proposed method was efficient in selecting forecasting centers in areas of
interest.
Keywords: agreement, spatial variation, rainfall forecast, model selection.
Abbreviations: CMC_Canadian Meteorological Center; ECMWF_European Center for Medium-Range Weather Forecasts;
NCEP_National Center for Environmental Prediction; CPTEC_Center for Weather Forecasting and Climate Studies; EV_Virtual
Station; ̂_Estimated agreement degree; IC_95% confidence interval for population ; ICInf_lower limit of ; ICSup_upper limit of .
Introduction
Water availability is essential during the developmental
stages of soybeans (e.g., from germination to emergence
and flowering to grain filling). Therefore, rainfall forecast
should cover a period within which soybean yield can be
affected by water stress (Wang et al., 2020; Seyoum et al.,
2020; Islam et al., 2020). Crop monitoring and yield
prediction models are influenced by agrometeorological
conditions (Araya et al., 2015; Battisti et al., 2018).
Accordingly, studies have been focused on agrometeorological change effects on crop yield (Dastorani and
Poormohammadi, 2016; Bao et al., 2015) and rainfall spatial
variability (Carbone et al., 2003; Emmanuel et al., 2015;
Zhang and Han, 2017).
Rainfall
forecasts
can
be
obtained
by
in-situ
(agrometeorological) or virtual (atmospheric forecasting)
stations. In-situ stations may be considered the gold standard
for agrometeorological data but have limitations, such as lack of
data records, generating data loss (Colston et al., 2018). By
contrast, virtual stations have as advantage a better spatial
and temporal data coverage. As these stations normally
show their data in a regular grid, they have an improved
spatial representation for agricultural modelling studies.
Temporal resolution generally allows daily estimates without
data losses, enabling them to be applied in several models
(Mahlstein et al., 2015; Cáceres et al., 2018).

World climate centers have forecast models covering
agrometeorological
parameters
such
as
rainfall.
Parameterizations used in each center can produce different
forecasts for each geographical location. Thus, reliable
forecasts for crop monitoring, rainfall estimation, and yield
prediction that are closer to the reality of each site require
comparison with a reference, also known as 'the gold
standard' ((Papamichail and Metaxa, 1996; Laurent, 1998;
Choudhary and Nagaraja, 2005, Galea, 2013, Hermance and
Sulieman, 2018).
The state of Paraná (Brazil) is characterized by farming activities
and was responsible for 17% of the Brazilian grain production in
the 2017/2018 crop season (IPARDES 2018). According to the
Paraná Department of Agriculture and Supply/ Department of
Rural Economy (SEAB/DERAL 2019), both mid-northern and
western mesoregions reached the highest soybean yields,
representing 23.4% and 15.9% for the 2010/2011 to 2013/2014
crop seasons, respectively. The study area of this research
comprised the western mesoregion of Paraná State. We chose
this region for being one of the largest soybean producers and
having the largest number of available ANA meteorological
stations. These factors contributed to the representativeness of
the gold standard.
The spatial and temporal variability of rainfall has been
addressed in several studies (Volpi et al., 2012; Mei et al.,
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Table 1. Estimated agreements and lower and upper limits of 95% confidence intervals from selected centers in each range at 13
pixels covered by the western mesoregion of Paraná State.
Range 1

Range 3

EV
1
2
3
4
5
6
7
8
9
10
11
12
13
1
2
3
4
5
6
7
8
9
10
11
12
13

Center
CPTEC
CPTEC
CPTEC
CPTEC
CPTEC
CPTEC
CPTEC
CPTEC
CPTEC
NCEP
CPTEC
CMC
NCEP
ECMWF
CPTEC
CMC
NCEP
CPTEC
CPTEC
NCEP
CMC
NCEP
NCEP
ECMWF
NCEP
CMC

̂
0.308
0.330
0.316
0.335
0.319
0.338
0.317
0.327
0.299
0.350
0.306
0.367
0.338
0.338
0.333
0.343
0.372
0.366
0.293
0.338
0.385
0.348
0.354
0.407
0.330
0.306

ICInf
0.257
0.277
0.266
0.285
0.270
0.289
0.267
0.276
0.251
0.297
0.259
0.311
0.288
0.229
0.237
0.235
0.257
0.237
0.189
0.236
0.279
0.245
0.249
0.297
0.241
0.199

ICSup
0.358
0.384
0.366
0.385
0.368
0.387
0.367
0.378
0.347
0.403
0.354
0.422
0.387
0.448
0.430
0.452
0.486
0.495
0.398
0.441
0.491
0.451
0.460
0.518
0.420
0.413

Range 2

Range 4

Center
CPTEC
ECMWF
ECMWF
NCEP
ECMWF
ECMWF
CMC
CPTEC
CMC
NCEP
CPTEC
CPTEC
ECMWF
CPTEC
CMC
CMC
ECMWF
ECMWF
CMC
ECMWF
CPTEC
CMC
CPTEC
ECMWF
CPTEC
ECMWF

̂
0.351
0.378
0.396
0.347
0.324
0.382
0.397
0.367
0.316
0.355
0.349
0.332
0.369
0.384
0.447
0.344
0.331
0.416
0.381
0.441
0.470
0.295
0.303
0.325
0.428
0.452

ICInf
0.288
0.312
0.326
0.279
0.264
0.311
0.324
0.293
0.251
0.281
0.269
0.263
0.300
0.204
0.236
0.183
0.156
0.012
0.125
0.274
0.322
0.125
0.191
0.207
0.285
0.169

ICSup
0.415
0.444
0.466
0.416
0.384
0.454
0.470
0.441
0.380
0.428
0.428
0.402
0.437
0.564
0.658
0.504
0.505
0.844
0.638
0.608
0.619
0.466
0.414
0.444
0.571
0.735

Note: EV: Virtual Station, Center: Selected center of forecast, ̂: Estimated agreement degree, IC: 95% confidence interval for population ρ, IC Inf: lower limit, ICSup: upper limit.

2017; Rinat et al., 2018; Oliveira et al., 2020). Some
theoretical proposals to study rainfall variability have used
geostatistical approaches (Li et al., 2008; Chappell et al.,
2013; Jalili et al., 2020). These tools allow data interpolation
by kriging the semivariogram model selected, using metrics
such as mean error, reduced mean error, reduced error
standard deviation, and absolute error (Adhikary, et al.,
2017; Jalili et al., 2020). Furthermore, artificial intelligence
approaches (e.g., K-nearest neighbor, and artificial and
extreme machine learning neural networks) have been
widely used to forecast rainfall. Yet, these techniques are
focused on available data, with results obtained after
algorithm training for selection process (Dash and Panigrahi,
2018; Azimi and Moghaddam, 2020).
The approaches described above have been widely applied
in rainfall studies; however, they are not used to select
models by relating the variability of reference and estimated
data. In this sense, comparisons with the gold standard as
proposed in this study contribute to comparison studies
using agreement metrics to select models based on the
relationship between the variability of reference data with
that of data estimated by models. Given the above, our
study aimed to propose a method to compare total rainfall
forecasts of four climate centers Canadian Meteorological
Center (CMC), European Center for Medium-Range Weather
Forecasts (ECMWF), National Center for Environmental
Prediction (NCEP), and Center for Weather Forecasting and
Climate Studies (CPTEC) with database from gauge stations
of the National Water Agency (ANA, acronym in
Portuguese), between the months of October and March
from the crop season of 2010/2011 until 2015/2016.

Results and Discussion
Missing data
From October to March during the crop seasons of 2010/2011
until 2015/2016, there were a predominance of soybean
sowing, growing, and harvesting in Paraná State, which can be
modelled by several techniques (Tatsumi et al., 2011; Fodor et
al., 2017; Silva Fuzzo et al., 2020). Throughout the 977 10-day
periods under study, we could observe that there was no loss of
data from ANA, unlike what happened for data from the four
centers, of which we found 2 10-day periods in CMC, 1 in
ECMWF, 10 in NCEP, and 59 in CPTEC. It is worth mentioning
that the missing 10-day periods were not considered in
comparisons.
Selection of centers in each range
To compare rainfall forecasts and ANA dataset (gold
standard), data were divided into four ranges according to
gold-standard measurements. According to the highest
estimated agreement for range 1, we obtained the following
selections: 7.7% in CMC, 15.4% in NCEP, and 76.9% in CPTEC
(Figs 1). For range 2, we obtained: 15.4% in CMC, 38.5% in
ECMWF, 15.4% in NCEP, and 30.8% in CPTEC (Fig 1). For
range 3, agreement selection showed: 23.1% in CMC, 15.4%
in ECMWF, 38.5% in NCEP, and 23.1% in CPTEC (Figs 1). For
range 4, we obtained: 30.8% in CMC, 38.5% in ECMWF, and
30.8% in CPTEC (Fig 1).
Fig 1. shows the ranges between 1 and 4 that indicate which
model should be used at each location as data source for
irrigation water management in cultivated areas (Querner et
al., 2016; Acheampong et al., 2018). Fig 1. also highlights the
agreement differences among ranges, as well as their
distinct spatial variation for each center. These outcomes
suggest that both forecast selection and calibration should
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Fig 1. Agreement degrees of 10-day periods for ranges 1 to 4, between 'gold standard' measurements (ANA) and forecasts of the
centers CMC (A), ECMWF (B), NCEP (C), and CPTEC (D). Circles indicate the forecast of the center reaching the highest agreement.
The pixels in yellow and black are highest and lower agreement, respectively.
consider rainfall ranges and the geographic location of
interest, as water availability is one of the main responsible
factors for crop yield variability over time and space
(Chomsang et al., 2020; Khalifa et al., 2020).
Ten-day forecasts should be incorporated into agricultural
projects, considering water demands for each crop. Rainfalls
between 650 and 700 mm distributed throughout the
development cycle of soybeans can be considered enough to
reach good yields and avoid losses (Yang et al., 2021;
Dallagnol and Suzana, 2016). On the other side, water
shortage from germination to emergence and from
flowering to grain filling can lead to soybean yield losses (Fig
1).

confidence interval allows inferring agreement between
0.322 and 0.619 at 95% reliability.
CMC had the lowest agreement in range 4 (0.295) and a 95%
confidence interval from 0.125 to 0.466. These results
highlight the spatial variability of agreements in Fig 1 from
range 1 to 4. They also suggest that forecasts should be
made only after calibration to remove bias and increase
accuracy (Li et al., 2008). Therefore, selecting among the
four forecasting centers (CMC, ECMWF, NCEP, and CPTEC)
for each pixel should follow the indications in Table 1.
Materials and methods
Study Area
The state of Paraná is in southern Brazil and crossed by the
Tropic of Capricorn and has a territorial extension of 199,709
km (IBGE 2010). The study area was the western mesoregion
of this state since it is one of the producers of soybeans
country-wise and has a territorial extension of 22,864.70
2
km . Climates prevailing in the state are humid temperate
with hot summer, sub-humid with little water deficiency,
mega thermal, and subtropical humid with dry winter.

Limits of confidence and variability of agreements
In this study, comparisons with the gold standard in each
pixel for each of the four ranges aimed to assess the
variability of this 'gold standard measure' with respect to the
forecast errors of Lin (1989); Feng et al., (2015) and Chabert
et al. (2019). Forecasts can e compared in a glo al conte t
oisin et al ,
ao et al ,
a le s o s t e
selected centers, estimated agreement rates ρ , in addition
to lower (L-inf) and upper (L-sup) limits within 95%
confidence intervals, considering each range in each pixel.
We observed that the highest rainfall rates in range 4
reached greater agreement (0.47) with CPTEC in pixel 8. The

Agrometeorological Data
Daily rainfall data were gathered from gauge stations
belonging to the Brazilian National Water Agency (ANA), of
which geographical locations are shown in Fig. 2. These data
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were grouped into 977 10-day periods. Moreover, daily rainfall
forecasts from Canadian (CMC), European (ECMWF), North
American (NCEP), and Brazilian (CPTEC) forecasting centers
were obtained for the 240-h step in each virtual station (pixel),

which have a rectangular coverage area of 0.5 º x 0.5º, with
centroids shown in Fig 2 (Cunningham et al., 2015; Abedi et al.,
2020).

Fig 2. Location map of the western Paraná mesoregion, with ANA gauge stations and virtual stations of the CMC, ECMWF,
NCEP, and CPTEC models.

and
given by:

Missing data were disregarded for matchings, and the used data
were transformed according to Yeo and Johnson (2000).
Thirteen pixels were obtained for the areas within western
Paraná (55ºW, 52ºW, 26ºS, 23ºS), and data from a total of 75
ANA gauge stations were considered.
Rainfall means from ANA gauge stations within the virtual
station coverage area (stations at a distance less than or
equal to 0.36º from the pixel centroid) were considered for
suitable spatial correspondence of the ANA stations with
virtual ones. For comparisons, data were divided into four
equal amplitude ranges.

( )

, where

(

),

(2)

where is the variance of the gold standard measure in the
i-th unit,
is the
covariance matrix of the
approximate p methods.
Assuming that the random vectors for
, are iid
with
(
), a multivariate normal distribution with
mean vector
and covariance matrix , follows that the
maximum likelihood estimator (MLE) of the parameters
∑ (
and are given respectively by ̂
̅, ̂
̅)

Our study was carried out from October 1 to March 31 of
2015, for the crop seasons of 2010/2011 until 2015/2016.
We selected this time of the year for rainfall forecasts
because it is when soybeans are sown and harvested in
Paraná State (SEAB/DERAL, 2019), as this crop is one of the
economically important one in this Brazilian state.

∑
⁄ .
and
̂
,
where
̅ ∑
Therefore, the MLE of the coefficient of agreement
⁄(
) for the agreement between the methods
under test and the gold standard are given by ̂
̂ ⁄( ̂ ̂ ), with ̂
∑ (
) , (Laurent 1998).

Gold Standard Modeling
The comparison model used to evaluate agreement degree
between two or more measuring instruments under
presence of a 'gold-standard' or reference measure was
proposed by Laurent (1998) and can be written in matrix
notation as:

According to Harris (1985) being

(

one has that √ (̂

)→

(

)

)
(

), in

which the symbol → denotes convergence in distribution
when → where is given by:
(

,

is a matrix of order

),

(3)

with
denoting the product of Hadamard between
matrices. Thus, follows the asymptotic distribution of

(1)

where
(
) is the measurement vector
of the approximate methods in unit i, for i = 1,...,n,
is the

̂

(̂

̂ ) given by:

√ (̂

vector of equal elements 1 and
(
) is
the vector of random errors
of methods in unit i,
for
.
The following formulation allows a solution considering

)→

(

where
matrix,

,

and
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(

( )

)

( ⁄ )(

) is a

⁄
) , with
e
) a diagonal
matrix.
(
) ⁄
Considering
where
(
⁄ ) percentile of the standard normal
the
(

(

(
) , the vector
, with q = p + 1 measurements
made by the gold standard and the approximate methods in
unit i. Thus, the random vectors
for
, are
independent and identically distributed (iid) with ( )

(4)

),

distribution is obtained according to Sidak (1968) and a
(
) is given by:
simultaneous confidence region of
̂

√

̂

̂

̂

√ ,
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where ̂ are the MLE of , diagonal elements of the
matrix given by Equation (4).
The software R (R DEVELOPMENT CORE TEAM, 2020) was
used to devise routine and obtain outputs of equations (1)(9), which specify the model used to describe agreement
between 'gold standard' measurements of rainfall and the
forecasts of centers under study. Both agreement degrees
and confidence intervals were obtained considering four
defined ranges, assuming an amplitude between the highest
and the lowest gold standard pixel measurements. This
model has not been applied to the selection of rainfall
forecasting centers, but it can be very useful for this purpose, a
relevant topic for the management of agricultural resources, not
only in the Paraná region, Brazil, but also for other regions of
the world, that strongly depend on agricultural development.
Conclusion
Choosing a forecasting center for soybean yield estimation
or forecasting models should consider rainfall range and
geographic location of interest, regardless of the center
(CMC, ECMWF, NCEP, and CPTEC). Ranges with higher
rainfall values showed greater agreement with the gold
standard (ANA), which indicates that the forecast centers
CMC, ECMWF, NCEP, and CPTEC, and their models have the
most suitable parameterization for detection of extreme
events. By comparing gauge station values and center
forecasts, additional care should be taken to obtain a gold
standard measure of rainfall with representativeness for the
events at a given location and within a certain time range, as
in the case of 10-day periods. Spatial correspondence of the
gold standard measurements with forecasts can be obtained
by considering in-situ stations within the center circle at the
pixel centroid. The radius should cover the entire pixel with
forecasts of the centers CMC, ECMWF, NCEP, and CPTEC.
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