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   “Climate lasts all the time and weather only a few days.” 

                                                 Mark Twain, English as She is Taught 

 

“Even as I speak, the very last polar bear may be dying of 

hunger on account of climate change, on account of us. And 

I sure miss the polar bears. Their babies are so warm and 

cuddly and trusting, just like ours.” 

                                              Kurt Vonnegut, Armageddon in Retrospect 

 

 



 
 

 

ABSTRACT 

 

This work evaluated the quality of ECMWF-SEAS5 seasonal precipitation and 2 m temperature 

predictions for South America. For this purpose, datasets of hindcasts from 1993 to 2016 and 

forecasts from 2017 to 2020 were used. The predictions were validated against CPC precipitation 

and temperature analyses. The average seasonal fields indicated that the model has a good 

representation of the seasonal rainfall patterns in South America, adequately simulating the wet 

and dry phases of the monsoon. However, the hindcasts present systematic overestimation of rain 

in the Amazon, South Brazil, Southeast Brazil, and northern South America sectors. In addition, 

the model also presents an underestimation of rain in Northeast Brazil and southeastern South 

America. Regarding the temperature results, the model showed a systematic cold bias over most 

of the continent, except for portions of Northeast Brazil and southeastern South America. The 

skill score evaluation showed that the main correlations of precipitation and temperature anomaly 

occur in regions of high climate predictability, such as the tropical latitudes of the continent. The 

regionalized mean anomalies indicated that ECMWF-SEAS5 has a good performance to simulate 

the interannual variability of rainfall and temperature, especially in transition seasons. However, 

hindcasts were not efficient for predicting anomalous events such as the 2014/2015 drought in 

Southeast Brazil and the 2015 drought in the east of the Amazon. The analysis of the forecasts 

from 2017 to 2020 showed that systematic errors of overestimation (underestimation) of rainfall 

persist in regions such as the Amazon, Southeast Brazil,  South Brazil, and northern South 

America (Northeast Brazil and southeastern South America). Similarly, temperature 

underestimation (overestimation) errors in most of the continent (Northeast Brazil and 

southeastern South America) remain in the real-time forecasts. Overall, it is concluded that the 

ECMWF-SEAS5 model performs seasonal rainfall and temperature predictions for South 

America with considerable dexterity and potential for diverse applications. However, its 

limitations and errors must be considered for the best use of its predictions. 

Keywords: Seasonal climate prediction; South America; Precipitation; Temperature; Global 

model; Climatology; Teleconnections. 

 

 



 
 

 

RESUMO 

 

Este trabalho avaliou a qualidade das previsões climáticas sazonais de precipitação e temperatura 

do ar do ECMWF-SEAS5 para a América do Sul. Para isso, foram utilizados conjuntos de dados 

de hindcasts de 1993 a 2016 e de forecasts de 2017 a 2020. As previsões foram validadas 

mediante comparação com análises de precipitação e temperatura do CPC. Os campos sazonais 

médios indicaram que o modelo possui boa representação dos padrões sazonais de chuva na 

América do Sul, simulando adequadamente a fase úmida e seca da monção. Apesar disso, os 

hindcasts apresentam superestimativa sistemática de chuva em setores como a Amazônia, Sul e 

Sudeste brasileiros e norte da América do Sul. Além disso, o modelo também apresenta 

subestimativa de chuva no Nordeste do Brasil e sudeste da América do Sul. Para a temperatura, 

o modelo apresentou viés frio sistemático sobre a maior parte do continente, com exceção de 

porções do Nordeste do Brasil e sudeste da América do Sul. A avaliação da performance do 

modelo mostrou que as principais correlações de anomalia de precipitação e temperatura ocorrem 

em regiões de alta previsibilidade climática como as latitudes tropicais do continente. As 

anomalias médias regionalizadas indicam que o modelo possui boa capacidade de simular a 

variabilidade interanual de chuva e temperatura, principalmente em estações de transição. 

Entretanto, os hindcasts não se mostraram eficientes para a previsão de eventos anômalos como 

a seca de 2014/2015 no Sudeste brasileiro e a seca de 2015 no leste da Amazônia. A análise das 

previsões prognósticas de 2017 a 2020 mostrou que os erros sistemáticos de superestimativa 

(subestimativa) de precipitação persistem em regiões como Amazônia, Sudeste e Sul do Brasil e 

norte da América do Sul (Nordeste brasileiro e sudeste da América do Sul). Similarmente, erros 

de subestimativa (superestimativa) de temperatura na maior parte do continente (Nordeste 

brasileiro e sudeste da América do Sul) permanecem nas previsões prognósticas. De forma geral, 

conclui-se que o modelo ECMWF-SEAS5 executa previsões sazonais de precipitação e 

temperatura para a América do Sul com considerável destreza e potencial para aplicações 

diversas. Entretanto, devem ser consideradas suas limitações e erros para melhor utilização de 

suas previsões. 

Palavras-chave: Previsão climática sazonal; América do Sul; Precipitação; Temperatura; 

Modelo global; Climatologia; Teleconexões. 
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1. INTRODUCTION 

 

South America  (SA) is a continent with a broad latitudinal extension and diversity of 

biomes, favouring different climates within its territory. In addition, climatic conditions directly 

influence the main socioeconomic activities developed in the region. These activities include 

agriculture, power generation, fishing, tourism, and the textile industry. Consequently, 

information derived from seasonal climate predictions is vital for different sectors of South 

American society. 

Due to the chaotic internal dynamics of the atmosphere, the prediction of detailed 

evolution of meteorological events is limited from a few days to two weeks (LORENZ, 1965). 

However, the statistical behaviour of the weather, expressed by its temporal and spatial averages, 

can be predicted on time scales of a season or longer (LEE; WANG, 2012). The mathematical 

models used for weather and climate prediction are based on the same physical principles and 

sets of equations (KALNAY, 2003; VITART; ROBERTSON, 2019). The primary difference is 

that climate models need additional climate system components, such as oceans, land, 

cryosphere, atmospheric chemistry (including aerosols, ozone, greenhouse gases), and a more 

detailed representation of the stratosphere (VITART; ROBERTSON, 2019).  

Pioneering studies (CHARNEY; SHUKLA, 1981; HOSKINS; KAROLY, 1981; 

WEBSTER, 1972) laid the theoretical foundations for the numerical climate prediction progress 

(SAMPAIO; SILVA DIAS, 2014). This type of forecast derives mainly from the predictability 

of the boundary conditions, such as sea surface temperature (SST), sea ice, soil moisture, and 

snow cover, and from the significant influence of these variables in determining future 

atmospheric conditions (BRANKOVIĆ; PALMER, FERRANTI, 1994; BRANKOVIĆ; 

PALMER, 1997; PALMER; ANDERSON, 1994; SHUKLA, 1998; SHUKLA et al., 2000a,b; 

WANG et al., 2009). It is possible to predict SST anomalies associated with El Niño (or its 

opposite, La Niña) a few months in advance (BARNSTON et al., 2012), leading to the 

predictability of their atmospheric impacts (AMBRIZZI; SOUZA; PULWARTY, 2004; 

ANDREOLI; OLIVEIRA; KAYANO, 2016; CAI et al., 2020; COELHO; DRUMOND; 

AMBRIZZI, 1999; GRIMM; BARROS; DOYLE, 2000; REBOITA et al., 2021a; 

ROPELEWSKI; HALPERT, 1987; SILVA; AMBRIZZI, 2006). 
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Seasonal climate forecasts can be performed with atmospheric general circulation models 

(AGMs) or coupled ocean-atmosphere models. Within this range of models, there are ones with 

a global resolution, also known as global climate models (GCMs), and others of limited area, 

also called regional climate models (RCMs) (AMBRIZZI et al., 2018; GIORGI, 2019; REBOITA 

et al., 2018). The typical horizontal resolution of global models, such as those of the North 

American Multimodel Ensemble (NMME; KIRTMAN et al., 2014), is 100 km, while regional 

models have a resolution of a few hundred metres (VITART; ROBERTSON, 2019). In general, 

RCMs produce more accurate simulations since they have more refined horizontal resolution and 

physical parameters more suitable for mesoscale atmospheric processes (DICKINSON et al., 

1989; GIORGI; MEARNS, 1999; MISRA; DIRMEYER; KIRTMAN, 2003; REBOITA et al., 

2018). 

Considering AGCMs and coupled models, Lin, Dong, and Fan (2018) evaluated how 27 

AGCMs from the Atmospheric Model Intercomparison Project (AMIP) and 34 coupled models 

from the Coupled Model Intercomparison Project Phase 5 (CMIP5) simulated the seasonal 

variation of the North Pacific Subtropical High (NPSH) during boreal summer. Results showed 

that AMIP models could reproduce the NPSH weakening at the beginning of the boreal summer 

but fail to simulate its weakening at the end of the season. On the other hand, CMIP5 models 

performed better in reproducing the NPSH magnitude and associated precipitation. Thus, the 

authors conclude that a good simulation of air-sea interactions is essential and should not be 

neglected in NPSH studies. 

Concerning global and regional models, as Giorgi (2019) stated, both are complementary 

and should not be seen as competing models. Inversely, GCMs, RCMs, and other downscaling 

techniques are complementary methods that can help better understand regional climate or 

climate change processes (GIORGI, 2019). The diversity of models and spatial resolutions allows 

for different studies and analyses to be carried out, given the potential and limitations of each 

method.  

Within the framework of global climate models, the ECMWF seasonal forecasting system 

has proven to be one of the best forecasting models of the El Niño-Southern Oscillation (ENSO) 

(BARNSTON et al., 2012; GUBLER et al., 2020). The ENSO phenomenon is one of the main 

modes of influence on a seasonal scale over South America (ACEITUNO, 1988; BERRI; 

BIANCHI; MÜLLER, 2019; CAI et al., 2020; GRIMM, 2003; GRIMM; BARROS; DOYLE, 

2000; KOUSKY; KAYANO; CAVALCANTI, 1984; REBOITA et al., 2021a; TEDESCHI; 
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COLLINS, 2016; VIEGAS et al., 2019), and their correct predictability is fundamental to the 

assertiveness of the seasonal climate forecast over SA. 

Seasonal climate predictions are essential for the electricity sector, as they benefit 

activities related to the generation, transmission, and distribution of energy. Furthermore, 

seasonal precipitation predictions are relevant information for the simulation of planning models 

that define the generation of energy from hydroelectric and thermal plants and the interchanges 

between the subsystems, optimizing the use of reservoirs and meeting the energy demand in the 

country (WEBER et al., 2015).  

Seasonal climate predictions may also benefit agriculture, another relevant South 

American economic sector. Agricultural activity has a fundamental role in Brazil's economy, 

representing 21.4% of the Gross Domestic Product (GDP) and significant importance in global 

markets (CEPEA/USP-CNA, 2020; MARTINS et al., 2018). Moreover, agriculture is one of the 

activities most sensitive to climatic effects, given that its productivity depends directly on the 

temperature and precipitation conditions of the region where it is performed (PIEDRA-

BONILLA et al., 2020; TOL, 2009, 2018).  

Despite technological advances and increased productivity, the effects of weather and 

climate have always had a strong influence on agriculture, and several studies have investigated 

the interaction between climate and agricultural activity (ASSENG et al., 2014; GREATREX, 

2012; LENG et al., 2016; LOBELL; FIELD, 2007; WHEELER; VON BRAUN, 2013). 

Furthermore, precipitation events play an essential role in several stages of agriculture, such as 

soil preparation, planting, pesticide application, and harvesting (MORETO et al., 2020). In this 

context, climate predictions on monthly and seasonal scales are of potential value for farmers 

and decision-makers in the sector (EASTERLING; MJELDE, 1987; SONKA et al., 1992), as 

they assist in irrigation management, selection of the appropriate crop, choice planting and 

harvesting time, fertilizer application, grain storage and sales (MORETO et al., 2020).  

The application of seasonal climate predictions in impact models for hydrology and 

agriculture needs to be improved (CHOU et al., 2020). However, several studies have shown that 

hindcasts provide statistical measures, such as correlations of anomalies, systematic errors and 

forecasting skills, which allow to assess properties of the forecasting system and improve 

seasonal predictions (CHOU et al., 2020; DIRMEYER, 2013; DIRMEYER; HALDER, 2017; 

GUBLER et al., 2020; HAMIL, 2012; PEGION; KUMAR, 2013; RAJAGOPALAN; LALL; 

ZEBIAK, 2002; STEFANOVA; KRISHNAMURTI, 2002). 
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Since ECMWF-SEAS5 constitutes the state-of-the-art global modelling of seasonal 

climate forecasting and robust predictions are necessary for better planning of various strategic 

sectors, the present study aims to assess the quality of the European global model over SA. For 

this purpose, statistical and graphical analyses of trimonthly predictions are made for the set of 

hindcasts (1993-2016) and forecasts (2017-2020). The analyses are regionalized and validated 

by comparing the precipitation analysis of the Climate Prediction Center (CPC). It is intended to 

examine the model’s performance in predicting precipitation over the continent and which 

regions have the best results.  

Given that seasonal climate forecasting is an activity in constant development by the 

scientific community and several socioeconomic sectors in SA can benefit from more accurate 

climate predictions, this study aims to assess the ECMWF-SEAS5 seasonal climate predictions 

for the South American continent.  
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2. AIMS 

 

2.1 General aim 

To assess the quality of seasonal precipitation and 2 m temperature predictions from 

the global model ECMWF-SEAS5 over South America. 

 

2.2 Specific aims 

- To validate the ECMWF-SEAS5 seasonal precipitation and 2 m temperature predictions, 

considering the set of hindcasts and forecasts over South America; 

- To examine the quality of ECMWF-SEAS5 seasonal climate predictions in different 

subdomains of South America: Southeast  Brazil (SEB), Northeast Brazil (NEB), Amazon 

(AMZ), South Brazil (SB), Northern South America (NSA), and Southeastern South America 

(SESA); 

- To assess which regions of South America have their seasonal climate better simulated by the 

ECMWF-SEAS5 model; 

- To analyse the model's performance to predict the seasonal climate over South America 

considering El Niño events. 
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3. MOTIVATION 

 

Robust seasonal climate forecasts can benefit decision-makers in numerous 

socioeconomic activities. The potential for good climate predictions extends across a variety of 

spheres. For example, they can be applied in flood and drought forecasting (HAO; SINGH; XIA, 

2018; ROBERTS; WERNSTEDT, 2016; SHAFIEE-JOOD et al., 2014), crop yield modelling 

(CEGLAR et al., 2018; VAJDA; HYVÄRINEN, 2020), fisheries management (TOMMASI et 

al., 2017), wildfires forecasting (CHEN et al., 2011, 2020; GUDMUNDSSON et al., 2014; 

TURCO et al., 2019), seasonal hurricane prediction (BERGMAN et al., 2019; EMANUEL; 

FONDRIEST; KOSSIN, 2012; VECHI et al., 2011), heat waves forecasting (LOWE et al., 2016), 

in the sectors of wind energy (CLARK et al., 2017; TORRALBA et al., 2017), insurance 

(JEWSON; BRIX, 2005), transport (PALIN et al., 2016), health (LOWE et al., 2011; MORSE et 

al., 2005; THOMSON et al., 2006), among other areas. 

Seasonal climate forecasts assist in strategic planning and decision-making to minimize 

economic and social damage. Chou et al. (2020) state that if the drought of 2014/2015 in 

Southeastern Brazil (COELHO et al., 2016; OTTO et al., 2015; REBOITA et al., 2015) had been 

predicted a few months before, the Brazilian government could have better planning for a drier 

than normal season. 

In this context, this study justifies the ECMWF-SEAS5 validation for the following 

reasons: it is a state-of-the-art model in seasonal climate forecast whose predictions are publicly 

available, saving time and computational resources to obtain and analyse data; scarcity of studies 

that assess the ECMWF-SEAS5 performance over SA, considering the entire series of 

predictions; ECMWF-SEAS5 has a relatively extensive series of hindcasts, allowing a better 

evaluation of the model. 

Lastly, this study is part of the project “Analysis of hydrological pressure based on global 

models (CONFAP-WATER-JPI)”. This project consists of a partnership between Brazilian and 

Swedish researchers who seek to evaluate the physical characteristics of the Sapucaí and São 

Francisco River basins to assist users through indicators of these regions' climatic and 

hydrological conditions. 
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4. CLIMATE MODELLING OVERVIEW 

 

4.1 Seasonal Climate Forecast Modelling 

 

Weather and climate forecasts differ by their period of prediction. Whilst the weather 

forecast seeks to predict meteorological conditions in an extended period of up to 15 days, the 

climate forecast projects conditions ahead of two weeks and slightly longer than a year 

(DOBLAS- REYES et al., 2013). Furthermore, unlike weather forecasting, there is no need to 

accurately forecast an atmospheric system's place and time in climate predictions, but rather 

whether the phenomenon is well simulated for a given region (YNOUE et al., 2017). 

Weather and climate forecast models use the same set of numerical representations, 

known as the primitive equations (equations that represent the physical and dynamic processes 

of the atmosphere, such as the equation of state, equation of conservation of motion, energy 

conservation, conservation of mass, water conservation, among others). However, climate 

models also require additional climate system components to represent the sources of climate 

predictability at longer time scales (MEEHL et al., 2021; SAMPAIO; SILVA DIAS, 2014; 

VITART; ROBERTSON, 2019). These components refer to the ocean, continental surface, 

cryosphere, atmospheric chemistry (aerosols, ozone, and greenhouse gases), and a more accurate 

representation of the stratosphere (VITART; ROBERTSON, 2019). As with weather forecasting, 

climate forecasting is also susceptible to the effect of chaos (LORENZ, 1965, 1982). In order to 

represent the chaotic nature of the climate system, GCMs systems produce a set of results 

provided by members of the model ensemble (LI; JIN; BROWN, 2020). 

The feasibility of seasonal climate prediction relies on the occurrence of slow variations 

in soil moisture, snow cover, sea, and continental ice, vegetation, albedo, surface roughness, and 

SST, and the knowledge of how the atmosphere interacts with and is affected by these boundary 

conditions (DOBLAS-REYES et al., 2013; FREDERIKSEN et al., 2001; MA et al., 2021; 

SHUKLA; KINTER, 2006). In this sense, it is more complex to perform seasonal climate forecast 

than weather forecast, as in addition to requiring accurate initial atmospheric conditions, it also 

requires the specification of vegetation and initialization of SST and soil moisture, parameters 

that directly affect the exchanges between surface and atmosphere (DIRMEYER, 2013; 

LLOPART et al., 2017; LODH, 2020; MA et al., 2021; REBOITA et al., 2018). Reboita et al. 
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(2018) highlight that the seasonality of soil water storage introduces a "memory effect" of the 

order of one to two months so that the erroneous initialization of this variable in a climate model 

can lead to inadequate forecasts of precipitation and soil and air temperature. Hence, the climate 

model must be initialized with the most realistic and accurate continental surface characteristics 

(DIRMEYER; HALDER, 2017; DOBLAS-REYES et al., 2013; HALDER et al., 2018; 

REBOITA et al., 2018). Due to this, climate models require a period to adjust the hydrological 

cycle that is usually one month before the period to be forecast, also known as spin-up time 

(GIORGI; MEARNS, 1999; REBOITA et al., 2018). 

Statistical and dynamic forecasts are the most used methods developed to produce 

seasonal climate predictions. Statistical forecasts establish relationships with past observations 

and use these calculations to predict conditions for upcoming seasons (MACLEOD; KLASSEN, 

2019). This type of forecast can be executed with several techniques, including regression 

analysis (SINGHRATTNA et al., 2005), canonical correlation analysis (LANDMAN; MASON, 

1999, 2001), classification methods (DROSDOWSKY; CHAMBERS, 2001), neural networks 

(ANOCHI; SILVA, 2009; ANOCHI; VELHO, 2020; HASTENRATH; GREISCHAR; VAN 

HEERDEN, 1995), machine learning (FENG et al., 2020). These predictions have the advantage 

of their simplicity of implementation and operation, but their limitation stems from the 

dependence of stationary relationships between the predictor and the forecasted variable, which 

is not guaranteed in a constantly changing climate (SCHEPEN; WANG; ROBERTSON, 2012).  

On the other hand, dynamic forecasts use three-dimensional climate system models to 

simulate possible changes in the atmosphere and ocean for the coming months based on current 

conditions (MACLEOD; KLASSEN, 2019). These predictions are based on physical laws, and 

their main advantages are related to the ability to represent non-linear interactions between the 

components of the climate system and provide consistent predictions with high temporal 

resolution (SCHEPEN; WANG; ROBERTSON, 2012). Anyhow, both statistical and dynamic 

methods require the availability of observations. Therefore, they are complementary, as advances 

in statistical forecasting are associated with improving climate knowledge, which leads to an 

improvement in dynamic forecasting (DOBLAS-REYES et al., 2013). Other forecasting methods 

include local ecological indicators to predict future conditions. For example, a particular bird’s 

time return to a region may indicate the beginning of the rainy season in that location 

(MACLEOD; KLASSEN, 2019). 

Dobles-Reyes et al. (2013) describe that the technical complexity of dynamic forecasting 

subdivides it into two types. In tier-two systems, seasonal forecasts are performed using only an 



14 
  

 

atmospheric model with persistent SST boundary conditions previously provided by statistical 

or coupled dynamic models. In tier-one systems, a coupled model has all its subsystems (climate 

system components) interacting simultaneously, which provides relatively more accurate 

predictions than those obtained by the tier-one system and statistical models (DOBLAS-REYES 

et al., 2013; KUG; KANG; CHOI, 2008; RODRIGUES; DOBLAS-REYES; COELHO, 2014; 

VAN OLDENBORGH et al., 2005a,b). As a result, tier-one systems have a relatively higher 

seasonal predictive skill than tier-two systems and perform better than simple statistical models 

over the tropical oceans (DOBLAS-REYES et al., 2013).  

RCMs generally produce more accurate predictions since they have more refined 

horizontal resolution and appropriate physical parameterizations to simulate mesoscale 

atmospheric processes (AMBRIZZI et al., 2018; GIORGI; MEARNS, 1999; REBOITA et al., 

2018). On the other hand, GCMs have a good performance in simulating large-scale atmospheric 

circulation features. Nonetheless, due to their horizontal resolution (100-200 km), such models 

cannot satisfyingly represent topography gradient, land-ocean contrasts, urban areas, and other 

relevant factors for mesoscale circulation and regional climate (AMBRIZZI et al., 2018).  

Seasonal climate forecasts from GCMs have limitations such as very coarse spatial 

resolution, imperfect physical parameterization, and sensitivity to disturbances from initial 

conditions, so their raw use for planning or decision-making at a local scale may be improper 

(CHOU et al., 2020; DOBLAS-REYES et al., 2013; HARTMANN et al., 2002). Furthermore, 

GCM with very high spatial resolution is still restricted due to limited computational capability 

(CHOU et al., 2020). However, the use of the dynamical downscaling technique can provide 

more detailed forecasts for application on a regional scale (GIORGI, 1990; GIORGI; BATES, 

1989; GIORGI; MEARNS, 1999; LAPRISE et al., 2000; MISRA; DIRMEYER; KIRTMAN, 

2003; REBOITA et al., 2018; CHOU et al., 2020). The dynamical downscaling technique 

consists of nesting an RCM to a GCM. Whilst the GCM provides information on initial and 

boundary conditions, which indicate the state of the atmospheric circulation on a large scale, the 

RCM simulates the climatic aspects on a regional scale at high resolution (AMBRIZZI et al., 

2018; CHOU et al., 2020). Although the focus of the current study is not an RCM or dynamical 

downscaling, it is relevant to analyse the accuracy of ECMWF-SEAS5 seasonal climate 

predictions. These results make it possible to evaluate its application in dynamical downscaling 

studies in Brazilian subdomains. 

Another way to use seasonal climate forecasts from GCMs for regional or local 

application is through statistical post-processing methods (DELSOLE; SHUKLA, 2010; 
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HEINRICH et al., 2020; LI; JIN; BROWN, 2020; OSMAN; COELHO; VERA, 2021; STONE; 

MEINKE, 2005). However, while some studies showed that statistical downscaling reduced 

systematic errors of GCMs, providing better precipitation predictions (CHARLES et al., 2013; 

CHEN; SUN; WANG, 2012; FRÍAS et al., 2010), others indicated that there was no 

improvement in temperature and rainfall forecasts (FRÍAS et al., 2010; LI; JIN; BROWN, 2020). 

Generally, precipitation seasonal climate predictions are presented as “tercile 

probabilities”, which are categories that refer to the probability of occurrence of above-normal, 

normal, or below-normal conditions (MACLEOD; KLASSEN, 2019). These categories are 

defined based on historically recorded precipitation values. A long chain of procedures is 

required to obtain this final forecast product. The path includes the steps of pre-processing, 

processing, and post-processing the data. These steps refer to the data assimilation processes, 

forecasting by numerical modelling, and interpreting the model’s outputs. According to Trocolli 

(2010), the main ingredients of a seasonal forecasting system are: a) a set of climate observations; 

b) a model that assimilates the observations in order to generate prognostic fields; c) a set of tools 

to assess the quality of forecasts; d) a set of tools for post-processing forecasts in order to make 

them useful for specific applications; e) a strategy for disseminating forecasts; f) a strategy for 

incorporating forecasts into a decision-making context and; g) a set of tools to assess the impact 

of forecasts on the decision made. 

The following sections will provide more detailed descriptions of different GCMs and 

their generated seasonal climate forecast products. First, the ECMWF-SEAS5 model, this 

dissertation's main object of study, is described. Next, other relevant GCMs are described. Lastly, 

it is emphasized that the descriptions presented here do not encompass all existing global models 

but only provide a brief overview of some of the GCMs currently used by the scientific 

community. 
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4.2 ECMWF-SEAS5 Model 

 

The European Centre for Medium-Range Weather Forecasts (ECMWF) has been 

operating real-time seasonal forecasting systems since 1997, and such systems have been updated 

approximately every five years (ECMWF, 2017; JOHNSON et al., 2019). In operation since 

November 2017, ECMWF-System 5 (ECMWF-SEAS5) is the ECMWF's fifth-generation 

seasonal forecasting system, replacing its predecessor System 4 (SEAS4; MOLTENI et al., 

2011), which has been in operation since 2011. In its six years of operation, the SEAS4 model 

proved to be competitive and presented relevant skills such as high predictability of ENSO 

(MOLTENI et al., 2011), good performance in stratospheric simulation and prediction of the 

Quasi-Biennal Oscillation (SCAIFE et al., 2014) and an overall improvement in forecast 

competence compared to previous models (MOLTENI et al., 2011; WEISHEIMER; PALMER, 

2014).  

The ECMWF-SEAS5 forecasting system consists of a 51-member ensemble starting 

every month (on the first day) and integrated for approximately seven months (215 days). In 

addition, SEAS5 uses retrospective seasonal forecasts from past decades to verify and calibrate 

the forecasting system compared to historical records. This set of reforecasts, also known as 

hindcasts, has a 25-member ensemble starting on the first day of months from 1981 to 2016. 

Even though the entire set of hindcasts is used to verify the forecast system, only the 1993-2016 

period subset calculates the forecast anomalies. There are two reasons for this procedure: it 

prevents the long-term trend of climate change from affecting forecasting products, and the 1993-

2016 period coincides with the time interval employed by the Copernicus Climate Change 

Service multi-seasonal forecast system (JOHNSON et al., 2019). 

The ECMWF-SEAS5 model has considerable improvements over its previous generation, 

including progress in the horizontal and vertical resolution and better simulation of tropical 

convection (BECHTOLD et al., 2014). For example, the horizontal resolution of the atmospheric 

and ocean models has improved substantially compared to SEAS4 (from 1 degree to 0.25 degrees 

in the ocean model and from 80 km to 36 km in the atmospheric model). Besides, ECMWF-

SEAS5 also has a sea ice prognostic model, an essential component for seasonal forecasting and 

absent in the SEAS4 model (JOHNSON et al., 2019). A detailed description of all model’s 

components configuration and the physical parameterizations employed can be found in 

ECMWF (2017) and Johnson et al. (2019). 
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4.2.1 Components of the ECMWF-SEAS5  

 

The atmospheric model used by ECMWF-SEAS5 is the ECMWF Integrated Forecast 

System (ECMWF-IFS version 43r1), with a horizontal resolution of 0.4° (≈ 36 km) and 91 

vertical levels, with the model top in the 0.01 hPa layer of the mesosphere, around 80 km. The 

initial atmospheric conditions of ECMWF-SEAS5 are provided by the ECMWF operational 

analyses (ECMWF, 2017). Some of the physical parameterizations include: the cloud-radiation 

interactions use the Monte Carlo Independent Column Approximation method (McICA; 

MORCRETTE et al., 2008), the convection parameterization is based on the mass-flow approach 

(BECHTOLD et al., 2008; TIEDTKE, 1989, 1993), the surface-exchange parameterization uses 

the approach by Viterbo and Beljaars (1995), representing different sub-grid surface features 

such as vegetation, bare soil, snow and water bodies. The horizontal spectral resolution used for 

the main dynamic part of the model calculations is T319 (~ 0.5625°). All physical 

parameterizations of the model (including clouds, rain, and continental surface) are calculated on 

a reduced grid spacing of approximately 36 km (JOHNSON et al., 2019).  

The ocean model used by ECMWF-SEAS5 is the Nucleus for European Modelling of the 

Ocean (NEMO; MADEC, 2016), with a horizontal resolution of 0.25° (≈ 27 km), improving the 

representation of ocean transport, 75 vertical levels (including 18 vertical levels in the first 50 

meters of oceans) and an ocean surface of 1 meter, which makes the representation of the SST 

diurnal cycle more accurate. The initial conditions of oceans and sea ice in ECMWF-SEAS5 are 

provided by the new operational ocean analysis system (OCEAN5, 2020), built with historical 

ocean reanalysis since 1979 (Ocean ReAnalysis System 5 - ORAS5; TIETSCHE et al., 2017; 

ZUO; BALSAMEDA; MOGENSEN, 2017) and daily ocean analyses in real-time (Ocean5 Near 

Real-Time Daily-Monitoring – ORTA5). 

The ocean-atmosphere coupling is done with the Gaussian method for interpolation, 

which discards values in the boundary lines of oceanic and atmospheric models. The coupling 

interval is one hour, allowing the resolution of the diurnal cycle (ECMWF, 2017). 
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4.2.2 ECMWF-SEAS5 Ensemble Structure 

 

Seasonal climate forecasts start from an observed state of all Earth system components 

and then evolve over a few months. Thus, errors present at the beginning of the forecast persist 

or grow during the integration of the model, reaching magnitudes comparable to the forecast 

signals (ECMWF, 2017). Some of these errors are random, and their effect is quantified through 

ensembles. Other errors are systematic and are corrected by comparing retrospective forecasts 

(hindcasts) and observations. 

The ECMWF-SEAS5 seasonal forecasts consist of an ensemble made up of 51 members, 

whereas hindcasts have 25 members. The ensemble is created using perturbations in initial 

atmospheric conditions, SST, and activation of stochastic physics (ECMWF, 2017). 

In this framework, the techniques employed in hindcasts are similar to those in seasonal 

forecasts. A single forecasting system is run for several initial conditions in the past, similar to a 

future forecasting system, using the same time horizon in all runs. The data resulting from this 

set of predictions constitute a “climate” of the model compared to the observed real-world 

climate. Systematic differences between the model and the real world (known as biases) are 

quantified and used as the basis for corrections applied to future predictions. Hence, hindcasts 

play a key role in correcting systematic errors and assessing the robustness of seasonal 

forecasting models (comparing each of the hindcasts' baseline years with the respective historical 

records of observed conditions). In this way, a more consistent set of predictions is created to 

support the decision-making (ECMWF, 2017). 

The ensemble technique quantifies the errors’ effects from uncertainties about initial 

conditions and model deficiencies. The forecast system produces a set of slightly distinct rounds 

(the ensemble members), so the result of the prediction system is not a single solution but a set 

of solutions. Since all ensemble members are equally likely, predictions provide a distribution of 

outcomes rather than a single deterministic solution. With ensembles, probabilistic inferences 

can be made about the atmospheric state at a given point in time. Additionally, the ensemble 

provides information about the reliability of the forecast. Differences in results generated by 

different members can measure forecast accuracy (ECMWF, 2017). 

Different techniques are used to build the members of an ensemble forecast. For example, 

in the case of ECMWF-SEAS5, a method called “burst mode” is used. All members are 
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initialized on the same date of origin in this procedure but with slightly different initial state 

conditions (different perturbations) to sample the observations' uncertainties (ECMWF, 2020). 

Moreover, each ensemble member is disturbed by random numbers representing possible model 

errors to quantify the errors caused by these uncertainties (ECMWF, 2017). 

Regarding the ECMWF-SEAS5 atmospheric module, member 0 of the ensemble is 

initialized from initial undisturbed atmospheric conditions. The initial conditions for all other 

members have perturbations applied to some fields to represent the uncertainty of the 

atmosphere’s initial state. Disturbed fields include all upper air layers and a limited set of soil 

moisture, soil temperature, snow, sea-ice temperature, and surface temperature fields (ECMWF, 

2017; JOHNSON et al., 2019). 

In order to sample the knowledge of uncertainty about the oceanic state, the ORAS5 

product contains a 5-member ensemble analysis. The perturbation scheme used to generate the 

reanalysis ensemble consists of two distinct elements: perturbations in the assimilated 

observations, both at the surface and in-depth, and perturbations in the surface forcing fields 

(ZUO et al., 2017). First, before starting the forecasts with the coupled model (ocean-

atmosphere), the ocean temperature analyses are perturbed so that all members of the seasonal 

forecast (and hindcasts) ensemble have different initial conditions. Then, using pentadal analysis 

from the ORAS5 HadISST2 error repository (ZUO et al., 2017), disturbances are applied to the 

first 22 SST levels and are reduced with increasing depth (ECMWF, 2017; JOHNSON et al., 

2019). 

 

 

4.2.3 Provision of ECMWF-SEAS5 Seasonal Climate Forecasts  

 

The ECMWF-SEAS5 system provides several products generated by the model forecast. 

The products include graphical outputs that present the forecasts in an easy-to-understand 

manner. Amongst these outputs are ENSO forecast maps (Niño SST plumes), seasonal forecast 

maps (which include terciles and ensemble averages maps), anomaly correlation maps, synoptic 

fields, tropical storm density maps, and other products. An example of this type of information 

provided by the European centre is in Figure 1, which shows the seasonal precipitation forecast 

obtained for the JFM season of 2022, considering rain category probabilities. 
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Figure 1 - Example of a seasonal forecast product available by the ECMWF-SEAS5. The map 

illustrates a forecast initialized in December 2021 for the probability of precipitation for the 

January-February-March 2022 season. Source: ECMWF-SEAS5 (2021). 

 

 

A complete catalogue of ECMWF-SEAS5 graphic products available can be found at 

https://apps.ecmwf.int/webapps/opencharts/. Not only seasonal climate forecasts are provided, 

but weather forecasts (with a time horizon of up to 15 days) and sub-seasonal forecasts (with a 

time horizon of up to 42 days) are also offered. In addition to this product suite, ECMWF also 

provides digital data calculated by ECMWF-SEAS5 and encoded in GRIB format for archiving 

and distribution. These data help conduct different studies and are open to the public, requiring 

only the ECMWF data platform registration. A complete catalogue of this dataset (including all 

forecast timescales) can be found at https://www.ecmwf.int/en/forecasts/datasets/catalogue-

ecmwf-real-time-products.  

ECMWF SEAS5 is part of the Copernicus Climate Change Service (C3S), a multi-system 

seasonal forecasting project. In C3S, data produced by seasonal forecasting models developed, 

implemented, and operated in meteorological centres of several European countries are collected, 

processed, and combined to allow users different applications. Thereby, multi-system 

combinations, as well as forecasts from individual systems, are made available. The European 

centres that provide forecasts to the C3S are European Centre for Medium-Range Weather 

https://apps.ecmwf.int/webapps/opencharts/
https://www.ecmwf.int/en/forecasts/datasets/catalogue-ecmwf-real-time-products
https://www.ecmwf.int/en/forecasts/datasets/catalogue-ecmwf-real-time-products
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Forecasts (ECMWF), UK Met Office, Météo-France, Deutscher Wetterdienst (DWD), and 

Centro Euro-Mediterraneo sui Cambiamenti Climatici (CMCC). Moreover, C3S also includes 

forecasts from National Centers for Environmental Prediction (NCEP), Japan Meteorological 

Agency (JMA), and Environment and Climate Change Canada (ECCC).  

Each model (operated by a given meteorological centre) simulates in slightly different 

ways the earth system processes that influence climate patterns and make relatively different 

approximations, inducing different types of modelling errors. These errors grow with increasing 

integration time, so the accumulated errors become significant compared to the signal that the 

model is expected to predict. Some errors are common to different models, but others are not. 

Hence, combining results from a larger number of models can allow a more realistic 

representation of the uncertainties arising from modelling errors. In most cases, the average of 

the combined predictions is more effective than the prediction of individual models (ECMWF, 

2020). 

C3S data is grouped into multiple categories or sets defined by variable type (surface 

level or at different pressure levels) and applied post-processing levels. Data includes forecasts 

created in real-time (since 2017) and retrospective forecasts (hindcasts) covering the 1993-2016 

period, initialized at intervals equivalent to real-time forecasts. A complete catalogue of seasonal 

climate forecast products provided by C3S can be accessed at 

https://climate.copernicus.eu/charts/c3s_seasonal/. 

 

 

4.3 Studies on seasonal climate forecasts for South America 

 

4.3.1 ECMWF-SEAS5 

 

Considering that ECMWF-SEAS5 came into operation at the end of 2017, there is still a 

paucity of studies that assess the quality of its seasonal rainfall forecasts for specific domains in 

South America. Nonetheless, Gubler et al. (2020) applied cluster analysis to seasonal 

precipitation forecasts from ECMWF-SEAS5 hindcasts (from 1981 to 2016), validating them 

with data from rainfall stations in different regions of SA. Amongst the 15 clusters obtained to 

https://climate.copernicus.eu/charts/c3s_seasonal/
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represent the climate zones of the continent, six were inserted in different Brazilian regions: 

extreme northwest of the Amazon, North Brazil, extreme east of the Northeast Brazil, a region 

covering the Southeast and areas of the Northeast Brazil, an area comprising portions of the 

Southeast, South and Midwest Brazil and one last cluster in the extreme south of Brazil.  

The results showed that the model's capability to predict rainfall in sectors such as the 

northwest of the Amazon, Southeast, Midwest, and portions of Southern Brazil was 

unsatisfactory. The authors associate the poor performance in these regions with factors such as 

regional topography and influences from other modes of climate variability than ENSO. 

However, the model showed a remarkable skill in predicting precipitation and temperature in 

regions such as the north, northeast, and extreme south of Brazil. The better dexterity of the 

model in those regions stems from the significant influence of the oceanic conditions over these 

areas and the teleconnection effects (COELHO et al., 2006a,b; WEISHEIMER; PALMER, 

2014). 

It is worthy of mention that the present work complements the study by Gubler et al. 

(2020). Here, we seek to assess the quality of ECMWF-SEAS5 hindcasts and forecasts. In 

addition, different validation metrics than those employed by the authors are used. 

 

 

4.3.2 CFSv2 Model 

 

The CFSv2 system was developed by the National Centers for Environmental Prediction 

(NCEP), improving and replacing its previous version (CFSv1), and put into operation in March 

2011 (SAHA et al., 2014). CFSv2 is a daily integrated coupled model with a spatial resolution 

of 0.9°. Its atmospheric component is constituted by the Global Forecast System (GFS) model 

with T126 triangular truncation (~ 0.937°) of horizontal resolution and 64 vertical levels. The 

oceanic component of CFSv2 is formed by the Geophysical Fluid Dynamics Laboratory Modular 

version 4.0 (GFDL MOM4) model, with a resolution of 0.25° latitude by 0.5° longitude and 40 

vertical levels. A more detailed description of all system configurations and physical 

parameterizations can be found in Sahel et al. (2014).  
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CFSv2 seasonal forecasts have a 6-hour resolution (00, 06, 12, and 18 UTC) and are 

available every five days. At each initialization, four simulations have different time horizons. In 

the first forecast run of each synoptic time, the time horizon is nine months, and the initial 

conditions are undisturbed. In subsequent runs, the initial conditions are disturbed, and the time 

horizon of the rounds also changes. For example, in the rounds of 00 UTC, the forecasts have a 

time horizon of three months, and in the rounds of 06, 12, and 18 UTC, the forecasts have a 

horizon of 45 days (SAHEL et al., 2014). Digital CFSv2 forecast data is available at 

https://nomads.ncep.noaa.gov/pub/data/nccf/com/cfs/prod/ and has a seven-day rotation. In 

addition, seasonal forecast graphical products are also provided at 

https://www.cpc.ncep.noaa.gov/products/CFSv2/CFSv2seasonal.shtml. An example of a CFSv2 

seasonal weather forecast graphical product is shown in Figure 2. 

Studies have assessed the quality of CFSv2 predictions for SA under different aspects. 

For example, the model has a good performance to predict rainfall over the Amazon in November 

(YUAN et al., 2011), but it stills presents errors from CFSv1 like the double-band simulation 

bias of the Intertropical Convergence Zone (ITCZ) and deficiency in representing the Southern 

Annular Mode (SAM) (SILVA et al., 2014).  

Furthermore, about tropical convection, it was observed that the model's dexterity in 

representing its development and associated extratropical patterns decreases with the evolution 

of the forecast horizon. Besides, the model fails in simulating the velocity and propagation 

direction of the Madden-Julian Oscillation (MJO) (WEBER; MASS, 2017).  

Despite CFSv2 presenting deficiencies in the resolution of the hydrological cycle by the 

model’s atmospheric component, the system is capable of predicting critical hydrological 

variables such as precipitation and soil moisture as long as the climatological deviation is 

considered in the analysis (DIRMEYER, 2013; DIRMEYER; HALDER, 2017). Regardless of 

that, the model has a satisfactory ability to represent the seasonal atmospheric circulation over 

South America, with a good representation of atmospheric systems such as the South Atlantic 

Convergence Zone (SACZ), southeast trade winds, and South Atlantic Subtropical Anticyclone 

(SASA) (DIAS et al., 2017; SILVA et al., 2014).  

Further, other studies used the CFSv2 seasonal forecasts in dynamical downscaling with 

RegCM4.3 (REBOITA et al., 2018), RegCM4.7 (FREITAS et al., 2020), and to estimate monthly 

flows for reservoirs (PAIVA; MONTENEGRO; CATALDI, 2020). 

 

https://nomads.ncep.noaa.gov/pub/data/nccf/com/cfs/prod/
https://www.cpc.ncep.noaa.gov/products/CFSv2/CFSv2seasonal.shtml
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Figure 2 - Precipitation anomaly forecast by CFSv2 for the January-February-March 2022 season, 

considering an ensemble of 40 members (4 rounds a day for ten consecutive days). The figure 

corresponds to the normalized anomaly (divided by the climatological standard deviation), calculated 

to the climatology of the 1991-2020 hindcasts. Source: NCEP-CFSv2 (2021). 

 

 

 

4.3.3 CPTEC-COLA Model  

 

The Center for Ocean-Land-Atmosphere Studies (COLA) GCM was developed by the 

NCEP (SHUKLA et al., 2000), and it is the precursor to the GCM of the Center for Weather 

Prediction and Climate Studies – Brazilian National Institute for Space Research (CPTEC-

INPE/COLA). CPTEC-COLA has been used to perform climate forecasting at CPTEC since 

January 1995 (CAVALCANTI et al., 2002). The model has a spatial resolution of 1.8º latitude 

by 1.8º longitude and 28 vertical levels. CPTEC-COLA forecasts are performed daily, and four 

initial conditions of four consecutive mid-month days are used. The GCM is integrated twice for 

each initial condition, once with lower boundary conditions given by climatological values of 

SST and the other with SSTs observed between the date of the initial condition and the month in 

which the integration is being made, and SST anomalies persisted for the forecast months. 



25 
  

 

Finally, differences between the forecast-control integrations are averaged to provide the forecast 

for four months (CAVALCANTI et al., 2002). 

CPTEC uses two climate models to perform seasonal forecasts: the GCM CPTEC-

COLA and the RCM Eta (CHOU; BUSTAMANTE; GOMES, 2005). Seasonal climate forecasts 

are made available monthly to the public on http://clima1.cptec.inpe.br/. At the centre, consensus 

forecasts of a qualitative nature are carried out every month. In these meetings, groups of 

scientists from CPTEC/INPE, the National Institute of Meteorology (Inmet), and the Cearense 

Foundation of Meteorology and Water Resources (Funceme) compare the climate forecasts of 

different models and, with their knowledge on the evolution of atmospheric and oceanic recent 

conditions, elaborate the seasonal forecast (YNOUE et al., 2017). The forecasts are available at 

http://clima1.cptec.inpe.br/gpc/pt. However, it is noteworthy that updates of these seasonal 

forecast products have been interrupted since April 2020. 

Further studies corroborated CPTEC-COLA's ability to simulate the annual 

precipitation cycle in the tropics and austral mid-latitudes, especially in the Northeast of Brazil 

and Amazon (MARENGO et al., 2003; MISRA, 2006). Nonetheless, the Southeast's acceptable 

representation of rainfall anomalies was associated with years of extreme El Niño events 

(MARENGO et al., 2003). Furthermore, the model did not capture the tropical Atlantic SST 

anomalies, leading to flaws in the simulated precipitation during the northeast’s rainy season 

(MISRA, 2006).  

Regardless of limitations, Coelho et al. (2012) assessed that CPTEC-COLA could 

predict rainfall anomalies for the three most severe dry seasons in Amazon, from July to 

September 1997-1998, 2004-2005, and 2009-2010. Moreover, the results indicated that the 

CPTEC seasonal forecast system produced, one month in advance, drought forecasts for the three 

investigated events. Such findings were of great relevance for the Brazilian scientific community 

and local decision-makers as guidance to reduce the harmful impacts of the Amazon drought. 

The CPTEC-COLA was also used in dynamical downscaling studies for South America 

with the RegCM3 (MACHADO; DA ROCHA, 2011) and RegCM4.5 (REBOITA et al., 2018). 

Both studies indicated that the regional model corrected systematic errors in the global model 

and presented better rainfall estimates. When RegCM4.5 is nested to CPTEC and uses Emanuel's 

cumulus convection parameterization, the technique showed remarkable precipitation and air 

temperature representations in almost all Brazil (REBOITA et al., 2018). However, the air 

http://clima1.cptec.inpe.br/
http://clima1.cptec.inpe.br/gpc/pt
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temperature forecasts in the Southeast region of Brazil carried out by CPTEC proved to be better 

than those of RegCM (MACHADO; DA ROCHA, 2011; REBOITA et al., 2018).  

 

  

4.4 Other Global Models and Seasonal Climate Forecasting 

Products 

 

In addition to the climate models and centres aforementioned, other institutes provide 

their seasonal climate forecasts for the entire globe. These include the Climate Prediction Center 

(CPC) of the National Oceanic and Atmospheric Administration (NOAA), the International 

Research Institute for the Climate and Society (IRI) of Columbia University, the Canadian 

Meteorological Center (CMC), the UK Met Office, and the National Institute of Meteorology 

(Inmet). 

CPC provides seasonal climate forecasts for SST, air temperature, and precipitation 

variables with an eight-month time horizon. Since 2011, the centre has been employing the North 

American Multi-Model Ensemble project (NMME) (KIRTMAN et al., 2014), including seasonal 

forecasts from six different global models. The project has shown that the predictions obtained 

by the multi-model ensemble yield superior results than any individual global model. Seasonal 

forecasts simulated by the ensemble and each global model separately are available at 

https://www.cpc.ncep.noaa.gov/products/NMME/seasanom.shtml.  

Beginning in April 2017, IRI's seasonal forecasts are based on a recalibration of model 

outputs used in the NMME. First, the predictions of each model are recalibrated, and then the 

ensemble of the various models is carried out, generating a final product of probabilistic 

predictions with 1º resolution. The page https://iri.columbia.edu/our-

expertise/climate/forecasts/seasonal-climate-forecasts/ provides seasonal precipitation and 

temperature forecasts for the entire globe with a time horizon of seven months. Besides, seasonal 

precipitation, air temperature, and geopotential height forecasts for individual GCMs are 

available at http://iridl.ldeo.columbia.edu/maproom/Global/Forecasts/GCM.html.  

In operation since September 1995, CMC's seasonal climate forecasting system has 

evolved from a single six-member ensemble GCM to a 40-member ensemble multi-model, the 

https://www.cpc.ncep.noaa.gov/products/NMME/seasanom.shtml
https://iri.columbia.edu/our-expertise/climate/forecasts/seasonal-climate-forecasts/
https://iri.columbia.edu/our-expertise/climate/forecasts/seasonal-climate-forecasts/
http://iridl.ldeo.columbia.edu/maproom/Global/Forecasts/GCM.html
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Canadian Seasonal to Interannual Prediction System version 2 (CanSIPSv2) (MERRYFIELD et 

al., 2013). The page https://climate-scenarios.canada.ca/?page=cansips-global provides seasonal 

forecasts of various meteorological variables for the entire globe with a forecast horizon of up to 

12 months. 

Founded in 1854, the Met Office is the UK's national weather service centre and, since 

the 2015 El Niño event, it has been working in partnership with the UK Government's Foreign, 

Commonwealth and Development Office (FCDO) and the University of Reading to provide a 

seasonal weather forecasting service to support decision-making. In this regard, the centre 

provides seasonal climate forecasts for the entire globe obtained with the multi-system World 

Meteorological Organization Lead Center for the Long-Range Forecast Multi-Model Ensemble 

(WMO LC-LRFMME) ensemble, which includes several GCMs operated across the world, 

including CPTEC-COLA. In addition, seasonal temperature and precipitation forecasts analysed 

by the Met Office with a time horizon of six months are available on the page 

https://www.metoffice.gov.uk/services/government/international-development/climate-outlook.  

In Brazil, the National Institute of Meteorology (Inmet) employs a statistical climate 

forecasting model to make seasonal predictions of precipitation and temperature for the entire 

country, with a forecast horizon of 4 months. This model aggregates point forecasts from 

stochastic models to obtain the best time projections. Compared to the observed data, the 

combined model predictions outperform that of each component model (LÚCIO et al., 2010). 

The institute's forecasts are available at https://clima.inmet.gov.br/. Figure 3 presents the total 

precipitation forecast by the Inmet for the December/2021-January-February/2022 season. 

The Cearense Foundation of Meteorology and Water Resources (Funceme) also 

performs seasonal climate forecasts, running the global models ECHAM46 and CAM3.1 and the 

regional model RSM97. In addition, the foundation also provides climate forecasts from several 

other statistical models on its page http://www.funceme.br/dashboard/climate_forecast, where it 

is possible to check seasonal forecasts for Brazil with a time horizon of 5 months. Figure 4 

illustrates an example of a forecast provided by the centre, using the dynamic model ECHAM46. 

Finally, the Climate Studies Group (GrEC) of the Department of Atmospheric Sciences 

at the University of São Paulo (USP) does not run a climate model but holds monthly climate 

monitoring meetings and trimonthly climate forecast meetings for Brazil. Based on the products 

of the climate centres mentioned above, the group of researchers from GrEC makes seasonal 

https://climate-scenarios.canada.ca/?page=cansips-global
https://www.metoffice.gov.uk/services/government/international-development/climate-outlook
https://clima.inmet.gov.br/
http://www.funceme.br/dashboard/climate_forecast
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climate forecasts by consensus and provides them on the page 

http://www.grec.iag.usp.br/data/index_BRA.php.  

 

 

Figure 3 - Seasonal climate forecast of total precipitation (mm) performed by the Inmet 

statistical climate model for the December/2021-January-February/2022 season. Source: 

Inmet (2021). 

 

 

Figure 4 - Precipitation anomaly forecast by the Funceme for the January-February-March 2022 

season, derived from the global model ECHAM46. Source: Funceme (2021). 

http://www.grec.iag.usp.br/data/index_BRA.php
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5. METHODOLOGY 

 

5.1 ECMWF-SEAS5 Precipitation and 2 m Temperature Data 

 

This study uses surface data (Seasonal forecast daily data on single levels) of total rainfall 

(accumulated every 24 hours since the forecast beginning) and 2 m temperature (instantaneous 

values every 6 hours) from the ECMWF-SEAS5. These data have 1º x 1º  horizontal resolution 

and are available on the page https://cds.climate.copernicus.eu/cdsapp#!/dataset/seasonal-

original-single-levels?tab=form. In addition, an explanatory tutorial on obtaining data from the 

C3S platform is presented in the Appendix section of this document.  

The atmospheric model used by ECMWF-SEAS5 is the ECMWF Integrated Forecast 

System (ECMWF-IFS version 43r1), with a horizontal resolution of 0.4° (≈ 36 km) and 91 

vertical levels, with the model top in the 0.01 hPa layer of the mesosphere, around 80 km. The 

initial atmospheric conditions of ECMWF-SEAS5 are provided by the ECMWF operational 

analyses (ECMWF, 2017).  

The horizontal spectral resolution used for the main dynamic part of the model 

calculations is T319 (~ 0.5625°). All physical parameterizations of the model (including clouds, 

rain, and continental surface) are calculated on a reduced grid spacing of approximately 36 km 

(JOHNSON et al., 2019). Therefore, although the simulations are performed with a finer 

resolution of 0.4º, they are available with a lower horizontal resolution of 1º. 

The ocean model used by ECMWF-SEAS5 is the Nucleus for European Modelling of the 

Ocean (NEMO; MADEC, 2016), with a horizontal resolution of 0.25° (≈ 27 km), improving the 

representation of ocean transport, 75 vertical levels (including 18 vertical levels in the first 50 

meters of oceans) and an ocean surface of 1 meter, which makes the representation of the SST 

diurnal cycle more accurate.  

In this work, hindcast from January 1993 to December 2016 and forecast from January 

2017 to December 2020 are employed. ECMWF-SEAS5 seasonal forecasts are executed once a 

month, always initialized on the first day of each month ( and released on the 13th day), with a 

time horizon of 215 days (≈ 7 months).  

https://cds.climate.copernicus.eu/cdsapp#!/dataset/seasonal-original-single-levels?tab=form
https://cds.climate.copernicus.eu/cdsapp#!/dataset/seasonal-original-single-levels?tab=form
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The hindcasts comprise an ensemble formed by 25 members. Additionally, the forecasts 

are built upon an ensemble formed by 51 members. The ECMWF-SEAS5 ensemble technique 

applies perturbations in the initial atmospheric conditions, SST, and stochastic physics activation 

(JOHNSON et al., 2019) 

 

 

5.2 Construction of the Ensemble 

 

The ECMWF-SEAS5 produces predictions with a forecast length of seven months (215 

days). In this work, the first month of the predictions was discarded due to spin-up time (the time 

necessary for a coupled model to reach a state of statistical equilibrium under the applied forcing; 

KANTHA; CLAYSON, 2000). Hence, the predictions applied here correspond to the period from 

the second month after the forecast start, also known as lead time forecast 1 (assuming the month 

of initialization is the lead time 0). For example, for the forecast that started on January 1st, the 

first three months from the lead time one were used: February, March, and April (three-month 

FMA). Table 1 illustrates how the trimesters for each monthly forecast provided by ECMWF-

SEAS5 are selected. 

 

Table 1 – Exemplification of the lead times (in months) of ECMWF-SEAS5 seasonal forecasts. This 

study uses lead times 1, 2, and 3 for trimonthly means. 

INITIAL 

MONTH OF 

PREDICTION 

LEAD TIME FORECASTING (MONTHS) 

0 1 2 3 4 5 6 

JAN FEB MAR APR MAY JUN JUL 

FEB MAR APR MAY JUN JUL AUG 

MAR APR MAY JUN JUL AUG SEP 

APR MAY JUN JUL AUG SEP OCT 

MAY JUN JUL AUG SEP OCT NOV 

JUN JUL AUG SEP OCT NOV DEC 

JUL AUG SEP OCT NOV DEC JAN 

AUG FEB MAR APR MAY JUN JUL 

SEP OCT NOV DEC JAN FEB MAR 

OCT NOV DEC JAN FEB MAR APR 

NOV DEC JAN FEB MAR APR MAY 

DEC JAN FEB MAR APR MAY JUN 
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The calculation of the average ensemble is exemplified in Table 2. It shows how the 

calculation is made for the quarter of February-March-April (FMA), obtained with the seasonal 

predictions initiated in January. Hindcasts consist of daily predictions generated by the 25-

member ensemble (i.e., 25 predictions). Real-time forecasts comprise 51 daily predictions by the 

51-member ensemble. Daily arithmetic means of all members were calculated to compute 

monthly and trimonthly means. As a result, 288 trimesters of hindcasts and 48 trimesters of 

forecasts were obtained. 

 

Table 2 – Scheme of the ensemble technique used in this study. The example applies to the FMA 

trimester forecast, obtained with the prediction that started in January. 

 

 

 

5.3 Data for Validation of ECMWF-SEAS5 Predictions 

 

Seasonal precipitation forecasts from ECMWF-SEAS5 were validated against the 

Climate Prediction Center (CPC; CHEN et al., 2008) analysis. The CPC Gauge-Based Analysis 

of Global Daily Precipitation (CPC-Global) dataset is derived from thousands of rain gauges 

across the globe, cooperative observation networks, and meteorological agencies (TORRES et 

Prediction Type   Prediction Start Monthly Means Ensemble Calculation 

Hindcasts January 

 

M_Feb =
∑ Xi

i=25
i=1

25
 

 

M_Mar =
∑ Xi

i=25
i=1

25
 

 

M_Apr =
∑ Xi

i=25
i=1

25
 

 

 

 

 

 

Ensemble_FMA =
M_Feb + M_Mar + M_Apr

3
 

 

Forecasts January 

M_Feb =
∑ Xi

i=51
i=1

51
 

M_Mar =
∑ Xi

i=51
i=1

51
 

M_Apr =
∑ Xi

i=51
i=1

51
 

 

 

 

 

Ensemble_FMA =
M_Feb + M_Mar + M_Apr

3
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al., 2020). Data quality control is carried out through comparisons with historical records, surface 

measurements, radar and satellite observations, and predictions from numerical models (CHEN 

et al., 2008). 

CPC analysis has a spatial resolution of 0.5º, with a time series of daily data available 

since 1979 and updated daily at 

https://ftp.cpc.ncep.noaa.gov/precip/CPC_UNI_PRCP/GAUGE_GLB/RT/. Daily CPC data 

from January 1993 to April 2021 were used in this study. For comparison, CPC data were 

interpolated to the spatial resolution of ECMWF-SEAS5 by the bilinear method (PRESS et al., 

2007). 

The  ECMWF-SEAS5 2 m temperature predictions were validated against the CPC 

Global Daily Temperature data, with a resolution of 0.5°. These data are available at 

https://psl.noaa.gov/data/gridded/data.cpc.globaltemp.html.  For the comparisons, daily averages 

were taken with the maximum and minimum temperatures provided by the CPC and the bilinear 

interpolation above. 

 

 

5.4 Trimonthly Means 

 

With trimonthly means calculated for ECMWF-SEAS5 and CPC, maps were plotted for 

the seasons January-February-March (JFM), February-March-April (FMA), March-April-May 

(MAM), April-May-June (AMJ), May-June-July (MJJ), June-July-August (JJA), July-August-

September (JAS), August-September-October (ASO), September-October-November (SON), 

October -November-December (OND), November-December-January (NDJ) and December-

January-February (DJF). These maps were built with an average of all the members from 

hindcasts (25 members) and forecasts (51 members). 

Bias maps were also plotted, calculating the difference between the value predicted by 

ECMWF-SEAS5 and the value obtained by the CPC analysis. Bias measures the correspondence 

between the predicted value and the observed value of a given parameter (WILKS, 2006). When 

it is negative, the model underestimates the simulated variable, while its positive result indicates 

https://ftp.cpc.ncep.noaa.gov/precip/CPC_UNI_PRCP/GAUGE_GLB/RT/
https://psl.noaa.gov/data/gridded/data.cpc.globaltemp.html
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overestimation. When its result is close to zero, the predicted value approaches the observed 

value. That is, it is closer to the actual value. Its calculation is given by:  

Bias = (Average of the predicted trimester) − (Average of the observed trimester)    (1) 

Bias calculations also allow identifying systematic model errors by observing persistent 

discrepancies in certain regions. In this way, it is possible to assess whether the underestimation 

or overestimation errors present in the retrospective forecasts are maintained or corrected in the 

prognostic forecasts. 

The ECMWF-SEAS5 trimonthly means were also spatially compared with CPC data, 

considering their average values in six subdomains of South America (Figure 5; Table 3): 

Amazon (AMZ), Northeast Brazil (NEB), Southeast Brazil (SEB), South Brazil (SB), Northern 

South America (NSA) and Southeastern South America (SESA). The choice of these sectors was 

based on the study by Reboita et al. (2018). 

 

Figure 5 - Selected subdomains for calculating regionalized trimonthly means and statistical 

parameters. Elevation in colours (m). 
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   Table 3 – Location of sectors used in the study. 

Subdomain Latitude Longitude 

AMZ 5ºS - 15ºS 52ºW - 68ºW 

NEB 2.5ºS - 13ºS 35ºW - 45ºW 

SEB 19.5ºS - 25.5ºS 40ºW - 52.5ºW 

SB 25ºS - 32.5ºS 47.5ºW - 60ºW 

SESA 32.5ºS - 40ºS 52.5ºW - 65ºW 

NSA 7.5ºN - 2.5ºS 55ºW - 70ºW 

 

 

 

5.5 Evaluation of Forecast Skill 

 

The precipitation predictions of ECMWF-SEAS5 hindcasts were also evaluated 

regarding their seasonal anomaly forecast skill score. Based on the methodology of Chou et al. 

(2020), these skill scores consist of temporal correlations between predicted and observed 

anomalies of trimonthly seasonal forecasts, considering the CPC dataset climatological mean 

from 1993 to 2016. First, temporal correlations of seasonal precipitation and temperature 

anomalies are calculated to assess the hindcast ensemble. Then, the average temporal correlation 

value is calculated for the 25 seasonal anomalies. Hence, a single metric value is associated with 

each grid point at each season. This study calculated skill scores for three-month forecasts 

starting in lead time 1. 

Still following the Chou et al. (2020) methodology, anomaly correlations were also 

calculated separately for El Niño and La Niña periods compared to the 24 years of hindcasts. For 

the El Niño events, the DJF and JJA trimesters were selected, and for the La Niña events, the 

FMA trimester was chosen. The selection of these trimesters was based on the ENSO effects 

over Brazil in these seasons (CHOU et al., 2020). The DJF, JJA, and FMA periods with El Niño 

and La Niña events between 1993 and 2016 are listed in Table 4. This table is constructed based 

on the information provided by the CPC/NOAA on the page 

https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php. Eight El 

Niño events in DJF, five El Niño events in JJA, and eight La Niña events in FMA occurred in 

the period. 

 

https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php
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Table 4 – Based on the ONI index, the El Niño and La Niña events during DJF, JJA, and FMA from 

1993 until 2016. Source: CPC/NOAA 

Event Season Years 

El Niño 
DJF 

1994/1997/2002/2004 

2006/2009/2014/2015 

JJA 1997/2002/2004/2009/2015 

La Niña FMA 
1996/1999/2000/2006 

2008/2009/2011/2012 

 

 

 

5.6 Statistical Parameters 

 

With the trimonthly regionalized means obtained for the AMZ, SEB, NEB, and SB 

subdomains, different statistical measures were calculated for all trimesters as a way to assess 

the accuracy of ECMWF-SEAS5 seasonal forecasts: 

- Mean Absolute Error (MAE): measures the error variability of two datasets through 

the magnitude of the difference between them, not considering the error underestimation or 

overestimation (MONTGOMERY; JENNINGS; KULAHCI, 2008). 

MAE =
1

n
∑|ŷt − yt|

t=n

t=1

          (2) 

 

where: n: number of samples 

 t: period 

ŷt: value predicted by ECMWF-SEAS5 

yt: value obtained by CPC 
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- Root Mean Square Error (RMSE): measures the error variability of two time series 

(MONTGOMERY; JENNINGS; KULAHCI, 2008). 

RMSE = √
1

n
∑|ŷt − yt|2

t=n

t=1

          (3) 

 

where: n: number of samples 

 t: period 

ŷt: value predicted by ECMWF-SEAS5 

yt: value obtained by CPC 

 

 

- Pearson’s Coefficient of Correlation (r):  measures the degree of correlation between 

variables from two datasets, assuming values from -1 to 1. A correlation close to 1 (-1) indicates 

a very high positive (negative) correlation. (MONTGOMERY; JENNINGS; KULAHCI, 2008). 

𝑟 =
∑ [(ŷt − y̅̂)(yt − y̅)]

2t=n
t=1

√∑ |ŷt − y̅̂|
2t=n

t=1 √∑ |yt − y̅|2t=n
t=1

     (4) 

 

where: n: number of samples 

 t: period 

  ŷt: value predicted by ECMWF-SEAS5 

y̅̂: average of values predicted by ECMWF-SEAS5 

yt: value obtained by CPC 

y̅: average of values obtained by CPC 

 

- Coefficient of Determination (R2): measures the fit of the predicted data about the 

observed ones so that the variation of the forecast information can be explained by the total 

variation of the observed data (MONTGOMERY; JENNINGS; KULAHCI, 2008). Assuming 

values between 0 and 1, the higher the value of R2, the better the fit of forecasts concerning the 

observations (MORETTIN; BUSSAB, 2017). 
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R2 =
[∑ (ŷt − y̅̂)(yt − y̅)𝑡=𝑛

𝑡=1 ]
2

∑ |ŷt − y̅̂|
2t=n

t=1 ∑ |yt − y̅|2t=n
t=1

            (5) 

 

where: n: number of samples 

 t: period 

ŷt: value predicted by ECMWF-SEAS5 

y̅̂: average of values predicted by ECMWF-SEAS5 

yt: value obtained by CPC 

y̅: average of values obtained by CPC 

 

 

- Relative Error (RE): given the variability of precipitation and temperature patterns 

all over SA, the relative error was calculated. 

RE = |
ŷt − yt

yt
| × 100    (6) 

where: ŷt: value predicted by ECMWF-SEAS5 

 yt: value obtained by CPC  

 

 

- Willmott’s Index of Agreement (d): evaluates the accuracy of predictions regarding 

the observations and may assume values between 0 and 1. Values close to 0 indicate 

disagreement between predicted and observed data, and values close to 1 indicate better 

prediction accuracy (WILLMOTT, 1981). 

𝑑 =   1 −
∑ (ŷt − yt)2t=n

t=1

∑ (⌊ŷt − y̅⌋ + |yt − y̅|)2t=n
t=1

        (7) 

where: n: number of samples 

 t: period 

ŷt: value predicted by ECMWF-SEAS5 

yt: value obtained by CPC 

y̅: average of values obtained by CPC 
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- Kling-Gupta Efficiency (KGE): the Kling-Gupta Efficiency (GUPTA et al., 2009; 

KLING; FUCHS; PAULIN, 2012) measures the goodness-of-fit between streamflow estimates 

and gauged observations and is a modified version of the Nash-Sutcliffe efficiency index 

(NSE). The KGE decomposes the NSE into three independent hydrographic components: linear 

correlation (r), bias ratio (𝛽) and relative variability between observed and simulated 

streamflow (𝛼). 

KGE values range from -∞ to 1, with values close to 1 indicating better model 

performance. Towner et al. (2019) classify the KGE with the following categories: 

- KGE ≥ 0.75 → Good; 

- 0.75 > KGE ≥ 0.5 → Intermediate; 

- 0.5 > KGE ≥ 0 → Poor; 

- KGE ≤ 0 → Very poor 

 

The KGE index is defined according to equation 9. 

𝐾𝐺𝐸 = 1 −   √(𝑟 − 1)2 + (
𝜎𝑠𝑖𝑚

𝜎𝑜𝑏𝑠
− 1)

2

+ (
𝜇𝑠𝑖𝑚

𝜇𝑜𝑏𝑠
− 1)

2

       (8) 

where: 𝑟: is the linear correlation between observed and simulated values 

 𝜎𝑠𝑖𝑚: standard deviation of simulations 

𝜎𝑜𝑏𝑠: standard deviation of observations 

𝜇𝑠𝑖𝑚: mean of simulations 

𝜇𝑜𝑏𝑠: mean of observations 

 

 

- Seasonality Index (SI): the Seasonality Index (SI) was proposed by Walsh and Lawler 

(1981) and quantifies rainfall variability throughout the year, identifying rainfall regimes based 

on monthly rainfall distribution. The index ranges from zero (when the rain is equally 

distributed over all months) to 1.83 (when all the rain falls in a single month). Although the 

method uses the rainfall distribution for all months, a seasonal pattern is detected when the SI 

value is above 0.6 (DOYLE, 2019). Higher SI values indicate an asymmetry in the distribution 

of precipitation throughout the year, while values close to zero indicate that there is little or no 

seasonal variation in rainfall. 
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The SI is defined as the sum of the absolute values of the differences between the amount 

of rain in each month and the annual average of total precipitation, divided by the annual 

precipitation, as expressed by equation 8. 

𝑆𝐼𝑖 =   
1

𝑅𝑖
∑ |𝑋𝑖𝑛 −

𝑅𝑖

12
|

12

𝑛=1
       (9) 

where: 𝑅𝑖: total annual precipitation in the year 𝑖 

 𝑋𝑖𝑛: monthly precipitation occurred in the month 𝑛 of the year 𝑖 

 

 

 

5.7 Cluster Analysis 

 

Cluster analysis is an essential statistical tool for grouping the homogenous regions and 

can be performed using two different methods based on hierarchical and non-hierarchical 

techniques (WILKS, 2006). This technique was used to group the South American regions with 

similar patterns of monthly rainfall. The K-Means method used for grouping the regimes was 

employed with the scikit-learn® library, available in the Python software. The K-Means is a non-

hierarchical clustering method that starts by computing the centroids for each cluster and then 

calculates the distances between the current data vector and each centroid, assigning the vector 

to the cluster whose centroid is closest to it. This process is repeated until all vectors are assigned 

a cluster, and their members are closest to the centroids than to the mean of other clusters 

(WILKS, 2006). 

The analysis used monthly averages from ECMWF-SEAS5 hindcast predictions for the 

lead time 1-month and CPC monthly averages, considering 1993 to 2016. The number of pre-

selected groups for the method was k = 8, based on the qualitative analysis of rainfall regimes in 

the SA obtained by Reboita et al. (2010a). This work aims to evaluate the homogeneous rainfall 

patterns on the continent rather than discuss the statistical results obtained by the cluster 

technique.  
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6. RESULTS 

 

6.1 Seasonal Means and Errors of Precipitation 

 

In this section, the ECMWF-SEAS5 hindcasts seasonal mean predictions and their 

comparison with the fields obtained by the CPC are presented. Thus, it is possible to evaluate the 

model simulations regarding seasonal climate variability and spatial patterns of precipitation 

prediction. 

Figure 6 shows the seasonal mean precipitation forecasts produced by ECMWF-SEAS5, 

and the mean value is calculated from the 25 members of the ensemble for the 24 years of each 

retrospective forecast season. That is, the mean value is obtained from 600 seasonal reforecasts 

of the model. Each season is identified by the initial letters of the three months that comprise the 

season. For instance, JFM corresponds to the January-February-March season. The Annexe 

presents maps with rainfall totals obtained by ECMWF-SEAS5 and CPC for all quarters and the 

resulting biases. 

In general, the seasonal forecasts from ECMWF-SEAS5 reproduce the seasonal patterns 

of precipitation in the country and show good agreement with the fields obtained by CPC. The 

ECMWF-SEAS5’s ability to capture the SACZ (CARVALHO; JONES; LIEBMANN, 2004; 

KODAMA, 1992) is highlighted in the summer months. In the months of NDJ and DJF (Figures 

6k1, 6l1), a band of precipitation extends from the southern Amazon towards the southwestern 

South Atlantic, passing through Southeastern Brazil. However, CPC results for the same seasons 

(Figures 6k2, 6l2) show smaller precipitation amounts than ECMWF-SEAS5, indicating that the 

forecast model tends to overestimate rainfall in the region by up to 2 mm day-1.  

In the autumn and winter seasons (from AMJ to JAS), precipitation is reduced in the 

continent's interior, and the dry season begins in SEB (REBOITA et al., 2010a). Precipitation 

maxima occur in the northern Amazon Basin, and the seasonal forecasts of ECMWF-SEAS5 

reasonably represent these patterns. However, from MJA to NDJ seasons, the model 

underestimates the rainfall totals in the eastern NEB compared to the CPC fields (Figures 6d2-

6k2). 
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Figure 6 – Left column: seasonal mean precipitation (mm day-1) derived from the ECMWF-SEAS5 hindcasts, 

averaged for 1993-2016 and over the 25 ensemble members. Center column: CPC seasonal mean precipitation (mm 

day-1) averaged over 1993-2016. Right column: seasonal precipitation mean errors (mm day-1) obtained by the 

difference between ECMWF-SEAS5 and CPC and averaged over 1993-2016. 
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Figure 6 – continued. 
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                                               Figure 6 – continued. 
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Figure 6 – continued. 
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In the following trimesters, from ASO to OND, the rainy season starts in most of South 

America (REBOITA et al., 2010a), and the model appropriately represents the seasonal 

variability of precipitation. Nevertheless, ECMWF-SEAS5 underestimates rainfall in northern 

sectors of the NEB (Figures 6h1-6j1). In southern Brazil, seasonal rainfall forecasts show little 

variability during the year, similar to the patterns obtained by CPC. 

Despite the model presenting humid (dry) biases in the Amazon region (Northeast sector) 

throughout the year, the results indicate that ECMWF-SEAS5 hindcasts satisfactorily simulate 

the main precipitation patterns and their seasonal variability in Brazil. First, however, it is 

essential to verify whether the forecasts have systematic errors. Systematic errors can vary over 

the seasons, as they can be generated by the model's failure to capture predominant 

meteorological phenomena (CHOU et al., 2020). According to Hoskins, Shopf and Navarra 

(2008), those errors can be due to the observational data or its assimilation, physical process 

parameterization and a short timescale spin-up/adjustment process.  

The ECMWF-SEAS5 seasonal predictions underestimate precipitation in Brazil's centre 

during most of the year. In the rainy season quarters, from OND to JFM (Figures 6a3, 6j3-6l3), 

seasonal forecasts overestimate total rainfall in the Southeast and North regions of the country, 

with overestimates of up to 4 mm day-1 in the Amazon region and up to 2 mm day-1 in the central 

and Southeast regions. Inversely, sectors such as the far north and northeastern Brazil show that 

seasonal forecasts underestimate rainfall in these regions throughout the year. Precipitation 

underestimates in the east and interior of the Northeast become more expressive in the austral 

autumn/winter months (Figures 6b3-6f3), including the rainy season in this region (CHOU et al., 

2020; REBOITA et al., 2010). 

In the Southeast, seasonal forecasts underestimate rain in the dry seasons up to 1 mm day-

1 (Figures 6c3-6g3) but overestimate it from the beginning of spring onwards in regions like the 

south of Minas Gerais and over the whole São Paulo state (Figures 6h3-6j3). Conversely, as 

described, in the rainy season months, the model's predictions overestimate rainfall occurrence, 

with notable positive deviations in the regions comprising the SACZ (Figures 6a1, 6j1-6l1). 

Southern Brazil indicates that ECMWF- SEAS5 underestimates rainfall in the autumn 

and winter (Figures 6b1-6g1) and overestimates it in the spring and summer (Figures 6i3-6k3). 

Besides, seasonal forecasts show a slightly negative bias throughout the year in sectors such as 

the country's extreme south. However, the magnitude and variability of seasonal forecast errors 

for the South are smaller than other Brazil regions. 
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In conclusion, seasonal rainfall forecasts from ECMWF-SEAS5 hindcasts indicate 

systematic overestimates (underestimates) in the North and Southeast Brazil during the rainy 

(dry) season and systematic underestimates in the far north SA and Northeast Brazil throughout 

the year.  

 

 

6.2 Seasonal Precipitation Skill Score 

 

This section presents the skill scores obtained for ECMWF-SEAS5 hindcasts to evaluate 

the model's capability to represent the seasonal rainfall variability over SA. Following the 

methodology of Chou et al. (2020), skill scores are calculated as the temporal correlations 

between the trimonthly precipitation anomalies predicted by the model and those obtained by 

CPC, considering the CPC’s dataset climatological mean (from 1993 to 2016).  

According to Ziervogel et al. (2005), for seasonal climate forecasts to be useful for 

application at a local scale, they must be accurate at least 60%-70% of the time. In this sense, 

Gubler et al. (2020) adapted the discrimination score by Ziervogel et al. (2005), converting it to 

thresholds associated with Pearson's correlation coefficient. For this, a linear model was 

established between the percentages by Ziervogel et al. (2005) and the correlations of Gubler et 

al. (2020), and Fisher's transformation was applied to both parameters. The adjusted linear model 

obtained from the relationship between the two metrics resulted in the following thresholds: 

accurate seasonal predictions at least 60% of the time correspond to correlations of at least 0.32, 

whilst accurate seasonal forecasts at least 70% of the time correspond to correlations above 0.58. 

Thus, correlations below 0.3 were related to potentially harmful predictions, while correlations 

above 0.6 indicated useful predictions even for application at a local scale (GUBLER et al., 

2020). Notwithstanding, the authors emphasize that uncertainties regarding these thresholds 

should not be neglected.  

Given the above, only skill scores equal to or greater than 0.3 are presented in this study. 

Moreover, Chou et al. (2020) also use the skill score of 0.3 to indicate the usefulness of seasonal 

forecasts. Figure 7 shows the ECMWF-SEAS5 hindcasts skill scores calculated for all seasons. 

North Brazil has skill score values above 0.6 in the seasons from SON to JFM (Figures 

7a and 7i-7l). Chou et al. (2020) evaluated the seasonal forecast skill scores of the RCM Eta and  
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Figure 7 – Seasonal precipitation anomaly skill scores for the ECMWF-SEAS5 hindcasts. Trimesters correspond to reforecasts from the 1–3-

month lead times. Only scores equal to or above 0.3 are shown. The score is nondimensional.
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the GCM CPTEC-COLA. It is worth noting that the skill scores obtained here for North Brazil 

in the rainy seasons are similar to those obtained by Chou et al. (2020). The seasons from FMA 

to JJA (Figures 7b-7f) show moderate skill scores in the northern region, results analogous to 

those found by Chou et al. (2020) and Gubler et al. (2020). The authors attribute the good 

performance of forecasts in the region to the ENSO’s influence (ACEITUNO, 1988; COELHO 

et al., 2006a; COELHO; UVO; AMBRIZZI, 2002; ROWELL, 1998; UVO et al., 1998). 

Northeast Brazil presents high skill scores (above 0.6) in the wetter seasons of MAM, 

AMJ and MJJ (Figures 7c-7e), corroborating results obtained by Chou et al. (2020) and Gubler 

et al. (2020). Besides, the region's MAM skill score (Figure 7c) is remarkable, indicating the 

model's skilful performance in predicting precipitation anomalies in almost the entire sector. One 

reason for this may be the strong relationship between tropical Atlantic SST and rainfall in the 

Northeast during MAM (HASTENRATH; GREISCHAR, 1993; MOURA; HASTENRATH, 

2004; PEZZI; CAVALCANTI, 2001; REBOITA et al., 2021a). 

Another prominent region that has relevant skill scores is South Brazil. In the seasons 

from SON to MAM (Figures 7a-7c and 7i-7l), moderate values are observed, with skill scores 

above 0.6 in the DJF season (Figure 7l). Even though Chou et al. (2020) have not found notable 

skill scores for this region (except at SON and OND seasons), Gubler et al. (2020) verified an 

excellent performance of ECMWF-SEAS5 in the sector north of Uruguay in the DJF months, 

indicating its potential use even for smallholder farmers. It is suggested that the skilful execution 

of seasonal forecasts in this region may be associated with ENSO's teleconnection effects 

(COELHO et al., 2006a; GUBLER et al., 2020). 

The results indicate low skill scores in Brazil's southeast and central regions throughout 

the year. Similar results were obtained by Chou et al. (2020) and Gubler et al. (2020). Moreover, 

despite Coelho et al. (2006b) having suggested moderate climate predictability for the Southeast 

in summer, in this study, moderate skill scores were only obtained in the region for the JJA 

trimester (Figure 7f). 

The ECMWF-SEAS5 seasonal forecast skill scores showed higher values in Brazil's 

northern and southern portions and lower ones in central and southeastern sectors. The tropical 

region has greater climate predictability (ROWELL, 1998), whereas the southern subtropical 

region has already shown relevant predictability (COELHO et al., 2006b). The results obtained 

for sectors such as the extreme south and northeastern Brazil may indicate that the ECMWF-
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SEAS5 performance does not derive only from ENSO mechanisms but also from other modes of 

climate predictability that contribute to a better seasonal forecasting skill. 

 

 

6.3 ENSO Events 

 

The same skill score evaluation methodology presented above is applied in this section, 

considering only El Niño and La Niña events from 1993 to 2016. Anomaly correlations were 

also calculated separately for El Niño and La Niña periods compared to the 24 years of hindcasts. 

For the El Niño events, the DJF and JJA trimesters were selected, and for the La Niña events, the 

FMA trimester was chosen. The selection of these trimesters was based on the ENSO effects 

over Brazil in these seasons (CHOU et al., 2020). The DJF, JJA and FMA periods with El Niño 

and La Niña events between 1993 and 2016 are listed in Table 4. This table is constructed based 

on the information provided by the CPC/NOAA on the page 

https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php. Eight El 

Niño events in DJF, five El Niño events in JJA, and eight La Niña events in FMA occurred in 

the period. 

Figure 8 shows the seasonal rainfall forecast skill scores of ECMWF-SEAS5 during DJF 

(Figure 8a) and JJA (Figure 8c), considering only El Niño years and during FMA (Figure 8b) 

computing only La Niña years. Figure 8a indicates moderate skill score values over the central 

region of Brazil, comprising areas commonly occupied by the SACZ. Nevertheless, this skill is 

not evident whether the entire DJF dataset is considered (Figure 8l). Furthermore, the high skill 

scores in South Brazil and the northern part of Northeast Brazil are still apparent in these El Niño 

compositions. 

In the JJA months during El Niño years, the highest skill scores are in Northern Brazil. 

Compared to the JJA season of the entire data set (Figure 7f), it is observed that the skill scores 

are more expressive in the country’s northern portion. Results obtained here for the El Niño 

compositions are similar to those of Chou et al. (2020), indicating the ECMWF-SEAS5 ability 

is equivalent to that of the Eta during ENSO periods. 

https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php
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Figure 8 – Seasonal precipitation anomaly skill scores derived from the ECMWF-SEAS5 hindcasts 

for (a) DJF and (c) JJA for El Niño years; and (b) FMA for La Niña years. Only scores equal to or 

above 0.3 are shown. The score is nondimensional.

 

 

Figure 8b shows the skill scores calculated during the FMA months considering only La 

Niña years. Compared with the results for FMA of the entire hindcast (Figure 7b), there are 

higher skill values throughout Northeast Brazil and an absence of skill in the southern region. 

The best results for the northeast region are also found in Chou et al. (2020).  

During Canonical La Niña events (associated with cooling in the eastern sector of the 

equatorial Pacific), the meridional gradient of SST in the tropical Atlantic often turns negative, 

with cold anomalies in the tropical North Atlantic and warm anomalies in the tropical South 

Atlantic, inducing a southward migration of the ITCZ and consequent precipitation in the 

Northeast Brazil (RODRIGUES; MCPHADEN, 2014). However, studies show that SST cooling 

in the central and eastern sectors of the equatorial Pacific (indicating a La Niña event with 

Canonical and Modoki-type features) is related to reduced rainfall in the northeast and increased 

precipitation in the north, resulting from the ITCZ displacement (TEDESCHI; CAVALCANTI; 

GRIMM, 2013; WIEDERMANN et al., 2021). 

Other studies show that in Canonical La Niña events, there is a trend to decrease 

precipitation in the southern region of Brazil (ANDREOLI et al., 2018; GRIMM; BARROS; 

DOYLE, 2000; GRIMM; FERRAZ; GOMES, 1998; TEDESCHI; CAVALCANTI; GRIMM, 

2013; WIEDERMANN et al., 2021). Therefore, although La Niña affects the rainfall in southern 

Brazil, the composition in Figure 8b does not indicate skill improvement in the region.  
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Besides the inherent difficulty of coupled models in representing different El Niño and 

La Niña events, there are also limitations in predicting the teleconnection effects, as errors persist 

even when the simulations eliminate the SST biases (TEDESCHI; COLLINS, 2016). 

Furthermore, studies show that the representation of El Niño/La Niña different types in climate 

models is sensitive to the atmospheric response, particularly in convection location (HAM; KUG, 

2012; KUG et al., 2012; KUG; HAM, 2011; XU et al., 2014), the ability to represent the 

teleconnections effects in the Indian Ocean (DU et al., 2013; OKUMURA; DESER, 2010; 

SANTOSO; ENGLAND; CAI, 2012; WANG, 2019), as well as the different convection 

parameterization schemes (BELLENGER et al., 2013). 

Using global climate models from Coupled Model Intercomparison Project Phase 5 

(CMIP5), studies had simulated the difference between the two types of La Niña – the Canonical 

and Modoki types – (TASCHETTO et al., 2014; TEDESCHI; COLLINS, 2016). However, 

although the events had been well simulated, most of the models had failed to reproduce the 

asymmetry between the two types of La Niña, presenting La Niña events in the eastern Pacific 

more intense than those in the central Pacific, when the opposite occurred in observations 

(TASCHETTO et al., 2014; TEDESCHI; COLLINS, 2016). 

 

 

6.4 Regional Precipitation Anomalies 

 

Spatial anomalies of the subdomains illustrated in Figure 5 are calculated and compared 

to those obtained by the CPC for the same areas. The average anomalies are calculated 

considering the 1993-2016 climatological mean from ECMWF-SEAS5 and CPC. 

For Southeast Brazil (SEB; Figure 9), the ECMWF-SEAS5 seasonal forecasts 

overestimate precipitation for most of the year, except for the MJJ quarter, where the CPC 

anomalies are more positive than the simulations (Figure 9c). In general, the series of anomalies 

obtained by ECMWF-SEAS5 indicates that the model remains stable throughout the integration 

of forecasts. In the autumn and winter quarters (Figures 9b-9d), the model satisfactorily 

represents the interannual variability of rainfall anomalies in the region, with some deficiency in 

simulating the positive precipitation deviations that occurred in the MJJ quarter (Figure 9c). 
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However, in the spring and summer quarters (Figures 9a, 9e and 9f), the model presents more 

marked deviations from the CPC. In addition to the overestimation of rainfall in these periods, 

the model fails to capture the most prominent negative and positive rainfall deviations, as shown 

by the quarters from ASO (Figure 9d) to FMA (Figure 9a). An example is the drought that 

occurred in the region in 2013/2014 (COELHO et al., 2016; OTTO et al., 2015; REBOITA et al., 

2015), which the model was not able to predict, as shown in Figures 9a and 9f. 

Concerning the Amazon subdomain (AMZ), the model adequately performs from SON 

to DJF (Figures 10e and 10f), with anomalies close to CPC. However, as in the SEB subdomain, 

the model overestimates rainfall practically throughout the year, with more pronounced 

deviations in the autumn and winter months (Figures 10b, 10c and 10d). As seen in the previous 

subdomain, the model fails to capture negative anomalies of greater magnitude, remaining stable 

during forecast integration and with few prominent variations over the years. Drought events 

such as in 2005 (MARENGO et al., 2008) and 2015 in Eastern Amazon (region inserted in the 

AMZ subdomain) (JIMÉNEZ-MUÑOZ et al., 2016) were not well predicted by the ECMWF-

SEAS5 hindcasts, which tended to overestimate the rainfall totals in the area. 

Unlike the other subdomains, the seasonal forecasts from ECMWF-SEAS5 tend to 

underestimate precipitation throughout the year in Northeastern Brazil (NEB). As a result, the 

precipitation anomalies obtained by CPC have positive deviations more prominent in magnitude 

than those predicted by ECMWF-SEAS5 (Figure 11). However, it appears that the European 

model can simulate the interannual variability of precipitation anomalies in the region, as 

illustrated in the quarters from JFM to FMA (Figures 11a and 11b). Nevertheless, hindcast 

predictions did not simulate extreme drought events in the region, such as those in 1997 

(OLIVEIRA; SATYAMURTY, 1998) and 2012 (MARENGO et al., 2013, 2018), as seen in 

Figure 11c.
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Figure 9 – Average seasonal precipitation anomalies (mm day-1) in the Southeastern Brazil subdomain (SEB). The vertical black line 

indicates the end of hindcasts and the start of forecasts. 
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Figure 10 – Similar to Figure 9, except for the Amazon subdomain (AMZ).  
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Figure 11 – Similar to Figure 9, except for the Northeast Brazil subdomain (NEB). 
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In Southern Brazil (SB), ECMWF-SEAS5 indicates adequate performance in simulating 

interannual rainfall variability in some seasons (Figures 12b and 12e). However, forecasts tend 

to overestimate rainfall totals throughout the year, with the most expressive deviations in the 

winter months (Figures 12c and 12d). Despite capturing some precipitation maxima (Figures 

12b, 12e and 12f), the model does not satisfactorily represent the interannual rainfall variability 

in the summer months (Figures 12a and 12f), remaining stable throughout integration in most 

seasons. The larger negative rainfall anomalies observed in the CPC data are not well simulated 

by the model, as illustrated in Figures 12c, 12d and 12f. 

The model underestimates precipitation throughout the year for the SESA subdomain, 

with larger deviations in the summer quarters (Figure 13a). Only in the JAS and DJF quarters 

(Figures 13d and 13f), the model presents a series of anomalies whose interannual variability is 

similar to that of the CPC. Despite underestimating the precipitation in the SESA, the model does 

not skillfully reproduce the prominent negative precipitation anomalies obtained by the CPC 

(Figures 13a, 13c and 13e). Although studies indicate the relationship between the teleconnection 

effects of ENSO, SAM and Indian Ocean Dipole (IOD) on SESA precipitation (GARBARINI et 

al., 2016; GONZÁLEZ; VERA, 2010), other works show that few models are capable of 

capturing rainfall peaks in the region's annual cycle, indicating drier conditions than those 

observed (DE JESUS et al., 2016; SOLMAN et al., 2013). The underestimation of rainfall in the 

region is assumed to be due to the failure of models to simulate atmospheric systems at mid-

latitudes, such as cold fronts that cross the region (DE JESUS et al., 2016). In this sense, 

sensitivity tests investigated the behaviour of different models and parameterizations for the 

region (DE JESUS et al., 2016; REBOITA et al., 2014b; SOLMAN et al., 2013). Considering 

the studies by Gubler et al. (2020) and Chou et al. (2020), both works did not find a satisfactory 

performance of the ECMWF-SEAS5 and Eta models in predicting rainfall in the region. 

In the NSA subdomain, the model overestimates rainfall throughout the year, but the 

forecasts have a reasonable ability to simulate the interannual variability of rainfall anomalies. 

Figure 14 shows that the simulated interannual cycles oscillate similarly to those obtained by the 

CPC, although with different magnitudes. Besides, in the summer months, the model has a good 

representation of year-to-year variations in rainfall anomalies (Figures 14a, 14e and 14f). Given 

the relevant influence of ENSO on this region (CÓRDOBA-MACHADO et al., 2015), Gubler et 

al. (2020) and Chou et al. (2020) also found a good performance of forecasts for this sector.
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Figure 12 – Average seasonal precipitation anomalies (mm day-1) in the Southern Brazil subdomain (SB). The vertical black line indicates the 

end of hindcasts and the start of forecasts. 
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Figure 13 – Similar to Figure 12, except for the Southeastern South America subdomain (SESA).  
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Figure 14 – Similar to Figure 12, except for the Northern South America subdomain (NSA).
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6.5 Regional Skill Scores 

 

Section 6.3 presented the temporal correlation analysis between the seasonal precipitation 

anomalies predicted by the model and those obtained by the CPC. The results indicated that the 

model has its best forecasting performance in Brazil's north, northeast and south regions. 

Furthermore, the tropical regions have good forecasting performance practically throughout the 

year, while the southern region presents better skill values in the spring and summer months 

(Figure 7). These results corroborate those found by Chou et al. (2020) and Gubler et al. (2020), 

indicating good prediction ability in regions strongly influenced by the teleconnection effects of 

ENSO and Tropical Atlantic (ACEITUNO, 1988; COELHO; UVO; AMBRIZZI, 2002; 

HASTENRATH; GREISCHAR, 1993; REBOITA et al., 2021a; UVO et al., 1998).  

The mean regional rainfall anomalies obtained for three different subdomains are 

analysed in this section. These subdomains were selected according to the best results of the skill 

score assessment previously performed. The three sectors cover portions of the North (NB2), 

Northeast (NEB2) and South Brazil (SB2) regions, illustrated in Figure 15 and whose geographic 

coordinates are indicated in Table 5. The selection was based on sectors with better forecasting 

skills, and the seasons of DJF, MAM,  JJA and SON were chosen. 

 

Figure 15 – Selected subdomains for calculating regional skill scores. Elevation in colours (m). 
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Table 5 – Location of sectors used to calculate seasonal mean anomalies. 

Subdomain Latitude Longitude 

NB2 0º - 7.5ºS 50ºW - 57.5ºW 

NEB2 5ºS - 12.5ºS 40ºW - 47.5ºW 

SB2 25ºS - 32.5ºS 50ºW - 55ºW 

 

 

For the NB2 subdomain, belonging to the northern region of Brazil, results indicate that 

the model has a good capacity to simulate the interannual variability of seasonal rainfall 

anomalies (Figure 16). Despite underestimating precipitation, the model's ability to represent the 

oscillations of seasonal rainfall anomalies in the summer and spring seasons is noteworthy. 

Examples are given in the DJF and SON months from 2008 to 2018. Note that the model captured 

the most considerable negative rainfall deviations, such as those that occurred in 1997 and 2015. 

In autumn and winter, the model's forecasts underestimate the rainfall occurrence but coherently 

simulate the variability of seasonal anomalies, as in MAM from 2012 to 2017 and in JJA from 

2000 to 2012. 

In the NEB2 subdomain, located in the central region of northeastern Brazil, the model 

presents an underestimate of precipitation, as illustrated in other results that indicate this 

systematic error in forecasts for the region (Figures 6 and 11). However, the model's performance 

in simulating the seasonal anomalies of MAM from 1997 to 2004 and from 2009 to 2020 is 

notable (Figure 17). Besides, it captures the largest negative deviations in 1997, 2012 and 2015. 

Also, ECMWF-SEAS5 shows a remarkable ability to represent the rainfall deviations in ENSO 

periods such as MAM in 1997 and 2012 (MARENGO et al., 2013, 2018; OLIVEIRA; 

SATYAMURTY, 1998), a characteristic not so evident in the series obtained for the NEB 

subdomain (Figure 11). In general, dynamic and statistical models have a good predictive 

capacity in NEB during MAM due to the strong relationship between tropical Atlantic SST and 

rainfall in the region (DOBLAS-REYES et al., 2013; HASTENRATH; GREISCHAR, 1993; 

MOURA; HASTENRATH, 2004; UVO et al., 1998). 

ECMWF-SEAS5 overestimates rainfall in the SB2 subdomain but fails to capture some 

precipitation maxima as in the JJA of 2002 and 2011 (Figure 18). The most pronounced negative 

anomalies, such as those occurring from 2004 onwards, are not well represented by the ECMWF-

SEAS5 hindcasts. During the different seasons, the model remains stable throughout the 

integration of the forecasts, with few jumps in the values of the mean seasonal anomalies. 

However, some maximums obtained by the CPC are captured by the model, as in JJA and SON 

from 1997. 
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Figure 16 – Average seasonal precipitation anomalies (mm day-1) in the northern Brazil 

subdomain (NB2). The vertical black line indicates the end of hindcasts and the start of forecasts. 

 

 

       

Figure 17 – Similar to Figure 16, except for Northeast Brazil (NEB2). 

 

 

       

Figure 18 – Similar to Figure 16, except for South Brazil (SB2).
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6.6 Statistical Parameters 

 

Different statistical parameters were calculated using the regionalized anomalies to 

complement the quality analysis. Figure 19 shows the boxplots generated by the parameters 

calculated for each trimester. Therefore, a boxplot corresponds to all seasons (JFM to DJF). In 

the Annexe, tables with all the individual parameter values for each subdomain and quarter are 

presented. 

The highest MAE and RMSE values correspond to the NSA subdomain (Figure 19a and 

19b). The highest values of MAE and RMSE in AMZ correspond to the seasons of AMJ and 

MJJ. Despite the SB and SESA subdomains showing the lowest errors variability, the sectors 

have biases with considerable magnitudes. The NDJ trimester shows the highest RMSE in the 

SEB subdomain, and the JJA months correspond to the lowest values for SB. Although there is 

no marked difference between the MAE and RMSE magnitudes, the latter accentuates the most 

prominent errors, which justifies the larger variability in the NSA (Figure 19b). 

The SB, NEB and NSA subdomains indicate the best results for R2 and r (Figures 19c 

and 19d). The best values for the NEB subdomain correspond to the MJJ season (R2 = 0.68 and 

r = 0.82), while for the SB, they refer to the OND months (R2 = 0.55 and r = 0.74). On the other 

hand, the SEB and AMZ subdomains show the worst results for the JFM season. 

The d index shows that only SEB and AMZ have values below 0.25. Again, the MJJ 

trimester indicates the best values for NEB (d = 0.86), while the NDJ  and JFM trimesters show 

the worst results for SEB, AMZ and SB. 

Considering domains outside Brazil, SESA presents the worst results. For the d index, 

SESA shows variability and the lowest values (Figure 19f). Likewise, the subdomain indicates 

higher relative error values, reaching 36% in the JJA quarter. On the contrary, the NSA 

subdomain presents good results of r, obtaining 0.80 in DJF and relative errors below 25%. 
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Figure 19 – Boxplots of statistical parameters derived from seasonal precipitation anomalies (JFM to DJF) of the ECMWF-SEAS5 hindcasts 

(1993-2016) for the SEB, AMZ, NEB, SB, SESA and NSA subdomains. Statistical parameters of relative error (g) and Kling-Gupta 

Efficiency are calculated from seasonal precipitation means. 
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Regarding the KGE index (GUPTA et al., 2009), when its value is equal to 1, it indicates 

perfect agreement between simulations and observations. Some authors report that KGE < 0 

indicates that the mean of the observations provides better estimates than the simulations 

(CASTANEDA-GONZALEZ et al., 2018). Other studies show that KGE > 0.5 indicates good 

model simulations, while KGE < 0.5 is unsatisfactory and negative values are considered poor 

(TOWNER et al., 2019). In general, the authors state that positive values close to 1 indicate that 

the model can represent the observations (KNOBEN; FREER; WOODS, 2019). 

The results for the KGE index show that, except for the SB subdomain, all the others 

have KGE < 0, with emphasis on NEB, SB and NSA, which have the best values (Figure 19h). 

The NSA subdomain provides the best KGE values, obtaining KGE = 0.73 and KGE = 0.60 for 

the JFM and DJF quarters, respectively. In the NEB subdomain, the best KGE results occur in 

the quarters of AMJ (KGE = 0.59) and MJJ (KGE = 0.56). For the SB, higher KGE values occur 

in the NDJ (KGE = 0.47) and OND (KGE = 0.43) quarters. Subdomains such as SESA and SEB 

show the worst results for this parameter. In SESA, the highest values obtained are for the DJF 

quarter, with KGE = 0.28, while the other seasons indicate KGE between -0.18 and 0.26. In SEB, 

the best result occurs in JJA (KGE = 0.32), and the other seasons show indexes between -0.65 

and 0.12. 

Different metrics make it possible to analyse subdomains more broadly. An example is 

the SB subdomain, which provides considerable MAE and RMSE and bias values (Figures 19a, 

19b and 19e) but indicates satisfactory values of r (Figure 19d), d (Figure 19f) and relative error 

(Figure 19g). In contrast, the SESA presents small MAE and RMSE values (Figures 19a and 

19b) but also unsatisfactory results for d (Figure 19f) and KGE (Figure 19h), as well as the largest 

relative errors (Figure 19g). 

In general, it is observed that the NEB and NSA subdomains provide the best statistical 

results, which reiterates previous results indicating the good performance of ECMWF-SEAS5 in 

tropical regions which are strongly influenced by teleconnection effects from the Pacific and 

Atlantic oceans. In addition, the good results for the SB subdomain should also be mentioned, as 

illustrated in the parameters r (Figure 19d), d (Figure 19f) and relative error (Figure 19g). 

 

 

 



66 
  

  

6.7 Evaluation of Precipitation Forecasts 

 

After evaluating the quality of ECMWF-SEAS5 hindcasts seasonal predictions for 

South America, it is worth analysing how the forecasts behave concerning the system's 

climatological model. Despite systematic overestimation (underestimation) errors in regions such 

as the North, Southeast and South (Northeast) Brazil, the hindcasts seasonal predictions showed 

that the model has a satisfactory performance in representing the South-American seasonal 

climate patterns.  

Figure 20 indicates that the forecast prediction fields are similar to those obtained from 

the hindcasts. Note the characterization of the SACZ in the months from NDJ to JFM (Figures 

20a and 20k) and the seasonal rainfall variability in Brazil's interior in the following months 

(Figure 20e-20j). 

Bias maps indicate that some characteristics differ from those found for hindcasts. An 

example is the far north region of Brazil that has systematic underestimates of precipitation in 

hindcasts (Figures 6a-6c) but indicates wetter conditions in prognostic forecasts (Figures 20a-

20c). Still, the most expressive dry bias in hindcasts in autumn and winter (Figures 6d-6f) is 

reduced in forecasts (Figures 20d-20f). This change in sign is evident in the Brazilian states of 

Roraima, Amapá, Pará and Maranhão. On the other hand, portions of Southeast Brazil, such as 

Minas Gerais and São Paulo, with dry bias in the spring and summer months (Figures 6a-6c, 6j-

6l), have a wetter bias in forecasts (Figures 20a-20c, 20j-20l). In addition, regions in the country's 

centre with drier behaviour during the year (Figure 6d-6i) have their deviation corrected in the 

forecasts, indicating an adjusted forecast around 0.5 mm day-1. 

Seasonal forecasts from the ECMWF-SEAS5 hindcasts have systematic rainfall 

underestimation over Northeast Brazil. Such a feature is adjusted in forecasts. The very 

expressive dry biases in the MAM to JAS seasons (Figure 6c-6g) are slightly smoother in the 

prognostic forecasts (Figure 20c-20g). Howsoever, some portions of the region's interior and the 

east coast maintain their year-round dry bias, albeit to a lesser extent than the hindcasts. The 

ECMWF-SEAS5 forecasts reduce dry bias throughout the year for the SESA region, except in 

the AMJ and NDJ quarters. However, for the northern region of South America, the wet bias 

present in the hindcasts remains in the forecasts, indicating even wetter conditions as in the MAM 

and AMJ quarters (Figures 20c and 20d). 
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Figure 20 – Left column: seasonal mean precipitation (mm day-1) derived from the ECMWF-SEAS5 forecasts, 

averaged for 2017-2020 and over the 51 ensemble members. Center column: CPC seasonal mean precipitation (mm 

day-1) averaged over 2017-2020. Right column: seasonal precipitation mean errors (mm day-1) obtained by the 

difference between ECMWF-SEAS5 and CPC and averaged over 2017-2020. 
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Figure 20 – continued. 
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Figure 20 – continued. 
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Figure 20 – continued. 
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It is essential to comparatively evaluate the performance of forecasts and hindcasts since 

the latter has a more extensive set of predictions, allowing the model to be evaluated using more 

robust statistics. On the other hand, the retrospective predictions present more idealized 

conditions than those of the prognostic forecasts since the hindcasts are better calibrated and 

submitted to complete data ingestion for the initial conditions (RISBEY et al., 2021).  

In this context, attention should be paid to the possibility of hindcasts overestimating 

the forecasts, if they have an “artificial skill”, or underestimating if there is variability in the 

model’s skill sampled from different periods (DELSOLE; SHUKLA, 2009; GODDARD et al., 

2013; RISBEY et al., 2021). Artificial skill can be understood as a skill of hindcasts that is not 

achievable by the forecast system due to some aspect of the idealized nature of hindcast 

predictions, such as the use of unavailable data for a situation of forecast comparison (RIBLEY 

et al., 2021). 

For the ECMWF-SEAS5 seasonal precipitation forecasts, it can be inferred that the 

addition of twice as many members in the ensemble gives the opposite average results to those 

obtained in the hindcasts ensemble in several analysed regions. As a result, systematic rainfall 

underestimation errors in regions such as the North and Southeast of Brazil are reversed, while 

overestimates in the Amazon region and southern Brazil persist. Moreover, underestimates in 

portions of the Northeast also remain, although smoother. 

Figure 21 illustrates results obtained from the statistical analysis for the ECMWF-

SEAS5 forecasts. Although the AMZ subdomain presents MAE and RMSE magnitudes higher 

than hindcasts (Figures 19a and 19b), better R2 and r are observed (Figures 21c and 21d). The 

best results of r and R2 for AMZ refer to the months of ASO (R2 = 0.91 and r = 0.95). 

The months of ASO show the best R2 and r for the SEB subdomain (R2 = 0.92 and r = 

0.96). NEB presents good R2 and r for NDJ (R2 = 0.96 and r = 0.98), while SB indicates better 

R2 and r in the MAM trimester (R2 = 0.89 and r = 0.94). AMZ and NSA have the highest 

magnitude errors (Figure 21a and 21e). This fact is reflected in their d index, which presents 

shallow values since it is sensitive to the errors’ magnitude. In contrast, despite the notable 

variability, NEB and NSA indicate the best d values for MAM, with d = 0.94 and d = 0.88, 

respectively.  

It should be mentioned that the analysed subdomains present a greater variability of 

results than those found in hindcasts. The R2 index results show considerable variability for NEB 
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(with R2 values from 0.01 to 0.96 in JJA and NDJ, respectively) and AMZ (from 0.01 to 0.91 in 

JFM and ASO, respectively). Similarly, the index r also gives a range of values for all regions, 

mainly SEB (from r = -0.55 in MAM and DJF to r = 0.96 in ASO) and NEB (from r = -0.12 in 

JJA to r = 0.96 in NDJ). The d index also indicates variability across regions, with SESA 

obtaining d = 0.58 and SB with d = 0.65 in MJJ. 

The relative error obtained in forecasts is also greater for all regions, with the NEB 

indicating the best results, as its entire series of relative errors is below 28%. Regarding the KGE, 

there is greater variability and worse results for all regions. Highlight for NEB with KGE = 0.86 

in ASO and SB with KGE = 0.74 in FMA. Giorgi and Mearns (1999) state that when observations 

drive climate models, these models can reproduce observed precipitation at the regional and 

seasonal scales with errors mainly in the range of 5 ± 5-30% for precipitation. The authors also 

stress that these errors should be evaluated given the uncertainties in observational data sets, 

which can be high, especially over remote areas or mountainous regions. In this case, it is worth 

noting that only the NEB obtained a series of relative errors below 30%. 

Table 6 summarizes the average results calculated for all statistical parameters in each 

subdomain. 

 

Table 6 – Average of the statistical parameters calculated for each subdomain's seasonal climate 

prediction of precipitation. Best (worst) results in blue (red). 

 

  Mean Statistics Parameters 1993-2016 - Precipitation 

  Bias R² r MAE RMSE d RE KGE 

SEB 0,0000000503 0,0152426 0,1234608 0,6091243 0,7859156 0,2975454 22,551762 0,8918813 

AMZ -0,0000001031 0,1033911 0,3215449 0,546149 0,7419804 0,4427837 22,809438 0,8300876 

NEB -0,0000000993 0,3169802 0,5630099 0,4555105 0,6641542 0,6607223 24,000949 0,8779604 

SB 0,0000000967 0,3278719 0,572601 0,7140413 0,8959586 0,2361778 21,277709 0,4859299 

SESA 0,0000011843 0,1478455 0,3845069 0,5465105 0,6970264 0,4610349 24,846341 0,2976489 

NSA 0,0024940700 0,2058382 0,453694 0,8617831 1,0392562 0,5937017 17,023506 0,72096 

  Mean Statistics Parameters 2017-2020 - Precipitation 

  Bias R² r MAE RMSE d RE KGE 

SEB 0,60921649 0,001634 0,040423 0,7663843 1,0075352 0,4431906 36,92557 0,7443799 

AMZ 0,826997321 0,0259626 0,1611291 0,8606725 1,0939827 0,4529601 43,135062 0,5890117 

NEB 0,351766266 0,143797 0,3792057 0,4541163 0,6447355 0,5414132 19,952601 0,7798835 

SB 0,355528263 0,1231964 0,3509934 0,8188964 1,0297821 0,4348464 30,402682 0,2349843 

SESA 0,189270362 0,1336011 0,3655148 0,6085765 0,7669379 0,3952872 21,841404 0,2142119 

NSA 1,366988933 0,2656062 0,51537 1,3740398 1,5535809 0,4934943 34,655973 0,6784748 
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Figure 21 – Boxplots of statistical parameters derived from seasonal precipitation anomalies (JFM to DJF) of the ECMWF-SEAS5 forecasts 

(2017-2020) for the SEB, AMZ, NEB, SB, SESA and NSA subdomains. Statistical parameters of relative error (g) and Kling-Gupta 

Efficiency (h) are calculated from seasonal precipitation means. 
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6.7 Seasonal Means and Errors of Temperature 

 

This section evaluates the seasonal climate predictions of 2 m air temperature obtained 

by ECMWF-SEAS5 and the CPC analyses. Figure 22 indicates that ECMWF-SEAS5 forecasts 

have acceptable performance in representing the seasonal temperature variation in the South 

American continent. However, bias maps show that ECMWF-SEAS5 underestimates 

temperatures across most of SA throughout the year. Considering Brazil, the model 

underestimates by up to 3 ºC in portions of the Amazon, the country's northern region, and 

northern Minas Gerais. In Southeast and South Brazil, the cold bias underestimates by up to 4 °C 

during spring (Figures 22h-22k). In the summer months, underestimates persist, but the cold bias 

is reduced, indicating negative deviations of up to 3 ºC in Southeast and South Brazil. 

In the autumn and winter seasons, ECMWF-SEAS5 reduces negative deviations, 

indicating biases of -1 to 1 ºC in the Southeast, South Brazil and Bahia (Figures 22c-22e). In 

contrast, the North region presents a cold bias throughout the year. Portions of the North and 

Southeast regions with the highest precipitation overestimates coincide with the temperature 

underestimates in these sectors, a thermodynamically expected feature, since precipitation energy 

is used for water evaporation instead of heating the atmosphere via sensible heat (REBOITA et 

al., 2018). 

The Northeast region presents the slightest negative deviations. This feature is evident 

in the autumn and winter seasons (Figures 22d-22f), showing an overestimate of up to 1°C in 

most northeastern regions. Similarly, the SESA and Argentina point to overestimates of up to 3 

°C in the months from FMA to MJJ (Figures 22b-22e). However, the model’s cold bias also 

covers these regions from the JJA, indicating underestimates of up to 5 °C in western and 

southern Argentina (Figures 22f-22l). 

Other studies have also found a tendency for different global models to underestimate 

air temperature prediction in SA. Weigel et al. (2008) evaluated the ECMWF Monthly Weather 

Forecast (ECMWF-MOFC) and found that the model’s systematic cold bias was present across 

the continent, with larger negative deviations in northern SA and Northeast Brazil. Manzanas et 

al. (2013) found that ECMWF-SEAS4 underestimates maximum temperatures across most of the 

continent. 
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Figure 22 – Left column: seasonal mean 2 m temperature (ºC) derived from the ECMWF-SEAS5 hindcasts, averaged 

for 1993-2016 and over the 25 ensemble members. Center column: CPC seasonal mean surface temperature (ºC) 

averaged over 1993-2016. Right column: seasonal temperature mean errors (ºC) obtained by the difference between 

ECMWF-SEAS5 and CPC and averaged over 1993-2016. 
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Figure 22 – continued.
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Figure 22 – continued.
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Figure 22 – continued.  
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Osman and Vera (2016) investigated the performance of nine models from the Climate 

Historical Forecast Project (CHFP) and concluded that models accentuate the cold bias in periods 

of both ENSO phases. Reboita et al. (2018) found the systematic cold bias of CFSv2 throughout 

Brazil, and this error persisted and increased with the RegCM simulations driven by the global 

model. Kim et al. (2012) analysed the ECMWF-SEAS4 and CFSv2 hindcasts and observed a 

systematic cold bias of both models in SA. Chou et al. (2020) found a systematic cold bias of the 

Eta regional model over the entire South American continent. However, the authors observed a 

warm bias in the SESA region between MAM and MJJ, which agrees with the present results. 

 

 

 

 

6.8 Seasonal Temperature Skill Score 

 

 

Following the analysis in section 6.2, the ECMWF-SEAS5 skill score results for 2 m air 

temperature are evaluated. In this case, temporal correlations between temperature anomalies 

predicted by ECMWF-SEAS5 and those obtained by CPC are calculated. In addition, as with 

precipitation, temporal correlations are calculated for seasonal predictions for quarters composed 

of lead-times 1, 2 and 3-months. 

Figure 23 illustrates the skill score results for the air temperature, and it is observed that 

many regions with high precipitation skill score values also result in good values for temperature 

prediction. In the summer months, ECMWF-SEAS5 can predict the temperature in regions such 

as northern Brazil and some northeastern states such as Tocantins, Maranhão and Piauí (Figures 

23a-23l), whose correlation values are above 0.7. Gubler et al. (2020) also found high 

correlations in these regions, associating the model’s performance with the strong influence of 

ENSO in these sectors. Considering that Pacific SST influences such regions, temperatures are 

expected to rise (decrease) in El Niño (La Niña). The best performance in these sectors persists 

until winter, when lower values are observed from MJJ to SON. From SON onwards (Figure 

23i), the best correlations are located in the tropical region of the continent, with the best values 

obtained in the north of Northeast Brazil in the months from DJF to MAM (Figures 23a-23c, 

23l). 



80 
  

  

       
 

       

Figure 23 – Seasonal temperature anomaly skill scores for the ECMWF-SEAS5 hindcasts. Trimesters correspond to reforecasts from the 1–3-

month lead times. Only scores equal to or above 0.3 are shown. The score is nondimensional.
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The Northeast Brazil region provides good skill score results practically throughout the 

year. An exception occurs for the state of Bahia, which indicates good values only for OND 

and NDJ (Figures 23j and 23k). The excellent performance of ECMWF-SEAS5 in this sector 

of Brazil was also observed by Gubler et al. (2020), indicating that ECMWF-SEAS5 

performance does not derive only from the strong influence of the Pacific on the region but also 

from other modes of variability such as the Tropical Atlantic Dipole (MOURA; SHUKLA, 

1981; SHIMIZU; ANOCHI; KAYANO, 2021; UVO et al., 1998). 

Unlike the precipitation skill score results, in southern Brazil, the model has an 

unsatisfactory performance almost throughout the year. However, exceptions occur in the 

quarters from SON to DJF (Figures 23i-23l), which illustrate the model's marginal performance, 

with skill scores of up to 0.5 in Paraná, Santa Catarina, and the east of Rio Grande do Sul. 

The SESA region indicates skill score values above 0.4 in the spring and summer 

seasons (Figures 23j-23l, 23a) and no appreciable performance for the rest of the year. Although 

the skill score for precipitation has indicated some ECMWF-SEAS5 performance in the region 

from OND to DJF (Figures 7j-7l), it is observed that the temperature correlations cover more 

broad areas than those found. Furthermore, moderate correlations of up to 0.5 are noted in the 

far south of Argentina in the months from AMJ to JJA (Figures 23d-23f). 

As obtained for precipitation, the skill scores for the ECMWF-SEAS5 seasonal 

temperature forecasts indicate that the best performances occur in regions strongly influenced 

by ENSO. Furthermore, regions such as SESA also presented a moderate performance in 

temperature prediction, a result obtained by Weisheimer and Palmer (2014), who found a 

moderate performance of ECMWF-SEAS4 in the region in the DJF months. 

 

 

6.9 Regional Temperature Anomalies 

 

Spatial temperature anomalies were calculated and compared to those obtained by CPC 

for the same areas.  

For Southeastern Brazil (SEB; Figure 24), ECMWF-SEAS5 underestimates temperature 

practically the entire year. In the spring and summer months (Figures 24d-24f and 24a), the errors 
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reach -1.5°C, whilst in the autumn and winter (Figures 24b and 24c), the model indicates mixed 

signs of overestimation and underestimation, failing to capture the main negative deviations, as 

in MJJ of 1999 and 2004.  

In the AMZ subdomain (Figure 25), ECMWF-SEAS5 underestimates the temperature 

throughout the year, with mean negative deviations of up to 1.5 ºC in the summer and spring 

months (Figures 25a and 25f). In transition seasons (Figures 25b-25d), the deviations decrease 

in magnitude, and ECMWF-SEAS5 reasonably simulates the interannual temperature cycle, 

except from 2008 onwards when deviations become more expressive. However, it is noteworthy 

that the model captured some maximums, such as in OND and NDJ from 1997, an aspect 

associated with the strong El Niño that occurred in this period (OLIVEIRA; SATYAMURTY, 

1998). Furthermore, it is observed that from 2017 onwards, the deviations become slighter. 

In Northeastern Brazil (NEB; Figure 26), ECMWF-SEAS5 underestimates the 

temperature throughout the year, but their deviations are minor than those of the two previous 

subdomains. The model's ability to simulate the annual variation of temperature anomalies in the 

spring and summer months is remarkable (Figures 26a, 26e and 26f). The model also represents 

the interannual cycle with dexterity in the transition seasons, as evident in the quarters from AMJ 

to JJA (Figures 26b and 26c). ECMWF-SEAS5 presents larger deviations from JAS to SON 

(Figures 26d and 26e) but maintains its good performance in simulating the interannual variation. 

It is also noteworthy that the model captures the most prominent observed anomalies, as those 

that occurred in 1997. 

For Southern Brazil (SB; Figure 27), ECMWF-SEAS5 shows mixed signs of 

underestimation and overestimation. While in the FMA to MJJ months (Figures 27b and 27c), 

the model tends to overestimate the temperature by up to 1.5 °C, it underestimates the variable 

in the JJA to JFM with the same magnitude, reaching larger deviations in the spring and summer 

months (Figures 27e and 27f). Briefly, it is noted that ECMWF-SEAS5 does not reasonably 

simulate the interannual variability of temperature, except in MAM and AMJ (Figure 27b).



83 
  

  

         

         

Figure 24 – Average seasonal temperature anomalies (°C) in the Southeastern Brazil (SB) subdomain. The vertical black line indicates 

the end of retransmissions and the beginning of predictions. 
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Figure 25 – Similar to Figure 24, except for the Amazon subdomain (AMZ).  
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Figure 26 – Similar to Figure 24, except for the Northeast Brazil subdomain (NEB).  
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Figure 27 – Similar to Figure 24, except for the Southern Brazil subdomain (SB). 
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In the SESA subdomain (Figure 28), ECMWF-SEAS5 predictions overestimate the 

temperature from JFM to JJA (Figures 28a-28c) and underestimate it from JAS to DJF (Figures 

28d-28f). In addition, as in the SB subdomain, the model fails to simulate the interannual 

variability of temperature anomalies for most of the year, except from OND to DJF (Figures 28e 

and 28f), when the simulated series indicate some correspondence with the values obtained by 

the CPC. 

In Northern South America (NSA; Figure 29), ECMWF-SEAS5 forecasts underestimate 

the temperature throughout the year. Despite the deviations, it is noted that ECMWF-SEAS5 

reasonably reproduces the temperature’s interannual variability throughout most of the year. As 

in the other subdomains, there is a better quality of forecasts from 2017 onwards, indicating that 

the climatological mean of ECMWF-SEAS5 hindcasts is coherent with that obtained by the CPC. 

 

6.10 Statistical Parameters 

 

Statistical parameters were calculated for the selected subdomains. In Annexe, tables with 

all the individual parameter values for each subdomain and quarter are presented.  

Figures 30a, 30b and 30e show that the SB and SESA subdomains have the largest errors 

in temperature predictions, which confirms the results described early. The NEB and NSA 

subdomains have the smallest errors, reflected in better values of R2 and r. In AMZ, the best 

coefficients occur in DJF (R2 = 0.57 and r = 0.76) and in NEB during MJJ (R2 = 0.66 and r = 

0.81). Although the NSA subdomain has considerable MAE and RMSE (Figures 30a and 30b), 

its relative error is small (Figure 30g), associated with the high totals of rainfall in the tropical 

region. Thus, the good correlation results for this region are justified, with its best coefficient of 

r = 0.84 in JFM. 

Considering the d index, NEB and NSA indicate the best results, with NEB obtaining d 

= 0.89 in MJJ and NSA with d = 0.91 in JFM. Similarly, the best KGE results correspond to these 

subdomains and AMZ, giving KGE = 0.83 in JFM for NSA, KGE = 0.80 in MJJ for NEB, and 

KGE = 0.73 in DJF for AMZ. 
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Figure 28 – Average seasonal temperature anomalies (°C) in the Southeastern South America subdomain (SESA). The vertical black line 

indicates the end of hindcasts and the start of forecasts. 
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Figure 29 – Similar to Figure 28, except for the Northern South America subdomain (NSA).  
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Figure 30 – Boxplots of statistical parameters derived from seasonal mean temperature anomalies (JFM to DJF) of the ECMWF-SEAS5 

hindcasts (1993-2016) for the SEB, AMZ, NEB, SB, SESA and NSA subdomains. Statistical parameters of relative error (g) and Kling-

Gupta Efficiency (h) are calculated from seasonal temperature means.
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The SEB, SB and SESA subdomains present the worst results. They indicate high MAE, 

RMSE and bias values, despite SEB showing relative errors below 10% for all seasons. The poor 

ECMWF-SEAS5’s performance in predicting temperature anomalies in these regions is reflected 

in the worst results of R2, r, d and KGE. 

 

 

6.11 Evaluation of Temperature Forecasts 

 

Figure 31 presents the ECMWF-SEAS5 forecasts for 2017-2020 and the biases obtained. 

In general, it is observed that prognostic predictions are not very different from retrospective 

predictions. The cold bias of ECMWF-SEAS5 persists across most of the South American 

continent, with larger negative deviations in northern Brazil and northwestern South America. 

The warm bias in the SESA region also holds up in the reforecasts from JFM to MJJ (Figures 

22a-22e). From JJA (Figure 31f), positive temperature deviations can be seen in the region, a 

pattern also found in hindcasts. 

Some differences occur in the NEB and SEB. For SEB, there are slight reductions in the 

cold bias in FMA (Figure 31b), but underestimates remain throughout the year. In NEB, there is 

a reduction in the cold bias mainly in Bahia and portions of Piauí during the autumn and winter 

seasons (Figures 31b-31f), but the temperature underestimation remains in the prognostic 

forecasts, although with a lower magnitude compared to hindcasts. 

A possible cause for the persistence of systematic errors is associated with the initial soil 

moisture conditions used in the model. Wang et al. (2010) evaluated the CFS seasonal 

temperature predictions and inferred that the model's cold bias was related to positive soil 

moisture anomalies in the initial conditions of the predictions. Soil moisture modifies the 

temperature amplitude at the surface level, as the increase in soil moisture induces a reduction in 

temperature differences between day and night (AL-KAYSSI et al., 1990). Another reason for 

the systematic cold bias may be associated with the model using fixed concentrations of 

greenhouse gases (WANG et al., 2010). 
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Figure 31 – Left column: seasonal mean 2 m temperature (°C) derived from the ECMWF-SEAS5 forecasts, averaged 

over the 2017-2020 period and the 51 ensemble members. Center column: CPC seasonal mean surface temperature (°C) 

averaged over 2017-2020. Right column: seasonal temperature mean errors (°C) obtained by the difference between 

ECMWF-SEAS5 and CPC and averaged over 2017-2020. 
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Figure 31 – continued
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Figure 31 – continued.
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Figure 31 – continued. 
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Figure 32 presents the statistical parameters calculated for the seasonal temperature 

predictions from the ECMWF-SEAS5 forecasts. The MAE and RMSE results indicate that the 

worst results are in the SEB, SB and SESA regions. On the other hand, the AMZ and NSA regions 

have the smallest MAE and RMSE values and minor amplitudes. Although NEB indicates 

considerable MAE and RMSE, its relative error is the smallest of all subdomains. The same 

pattern is found for SEB, which indicates a series of relative errors below 15%. 

Concerning the R2 and r coefficients, all subdomains show great variability. The best R2 

scores correspond to 0.91 in AMJ for NSA, 0.99 in OND for SESA, and 0.99 in ASO for AMZ. 

About the r index, better results for ASO in AMZ (r = 0.99), for ASO in SESA (r = 0.91) and for 

AMJ in NSA (r = 0.95). Regarding the d index, AMZ stands out providing only values above 0.4 

(with d = 0.83 in NDJ), while NEB (d = 0.70 in OND), SESA (d = 0.94 in MAM) and NSA (d = 

0.89 in JFM ) also show reasonable results. For the KGE index, AMZ, SESA and NSA show the 

best results, with AMZ obtaining KGE = 0.81 in FMA, SESA with KGE = 0.74 in ASO and NSA 

with KGE = 0.78 in JJA. There is a slight improvement in the statistical results for the SESA 

subdomain regarding hindcasts. 

Table 7 summarizes the average results calculated for all statistical parameters in each 

subdomain. 

 

 

Table 7 – Average of the statistical parameters calculated for each subdomain's seasonal climate 

prediction of temperature. Best (worst) results in blue (red). 

  Mean Statistics Parameters 1993-2016 - Temperature 

  BIAS R² r MAE RMSE d RE KGE 

SEB 0,0000001586 0,095170246 0,3084968 0,4460686 0,5647102 0,5673772 6,081173 0,709267 

AMZ -0,0020051516 0,302381022 0,5498918 0,3706053 0,4709386 0,7224057 4,4597635 0,7281013 

NEB 0,0000000347 0,474580049 0,6888977 0,2943599 0,3683702 0,8160128 2,3366193 0,753294 

SB 0,0000000559 0,023942783 0,1547346 0,5716087 0,7235233 0,4498924 9,6940547 0,7856497 

SESA 0,0000000849 0,056236048 0,2371414 0,5288944 0,6597429 0,4766107 15,834389 0,7650634 

NSA -0,0000000623 0,475347101 0,6894542 0,2712302 0,3505969 0,8199282 5,9756084 0,6250002 

  Mean Statistics Parameters 2017-2020 - Temperature 

  BIAS R² r MAE RMSE d RE KGE 

SEB -0,044959977 0,010982894 0,1047993 0,5087382 0,6314448 0,3957513 5,6913143 0,6693692 

AMZ -0,268639402 0,364125564 0,6034282 0,3416169 0,3987162 0,676517 5,3840539 0,776433 

NEB 0,349932341 0,0000081788 -0,0028599 0,4398089 0,5276349 0,4037853 1,9962468 0,6588615 

SB -0,101136142 0,000655706 0,0256068 0,5383082 0,711663 0,3299496 9,164447 0,8011808 

SESA 0,028741756 0,028078225 0,1675656 0,4604395 0,5786382 0,4560274 14,540904 0,7925213 

NSA 0,041106966 0,18763748 0,4331714 0,2589827 0,3103535 0,6547435 5,7651331 0,5632199 
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Figure 32 – Boxplots of statistical parameters derived from seasonal mean temperature anomalies (JFM to DJF) of the ECMWF-SEAS5 

forecasts (2017-2020) for the SEB, AMZ, NEB, SB, SESA and NSA subdomains. Statistical parameters of relative error (g) and Kling-Gupta 

Efficiency (h) are calculated from seasonal temperature means.
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6.12 The Seasonality Index (SI) 

 

The Seasonality Index (SI) was proposed by Walsh and Lawler (1981), and it measures 

the monthly rainfall variability throughout the year, where the result is the degree of seasonality 

ranging from zero, for a homogeneous monthly rainfall distribution, to 1.83, where rain occurs 

for a single month (WALSH; LAWLER, 1981). The SI index classifies climate types concerning 

water availability so that the higher the SI of a region, the greater the variability of water 

resources and seasonal scarcity, which accentuates the area's vulnerability to desertification 

(PATIL, 2015). In Table 6, a qualitative classification of degrees of seasonality is indicated

Figure 33 shows the SI results obtained for SA, considering the seasonal predictions of 

ECMWF-SEAS5 hindcasts and the precipitation analysis from the CPC. The maps indicate many 

similarities between the two types of outputs, showing that ECMWF-SEAS5 satisfactorily 

represents the seasonal contrasts of precipitation on the continent. The most remarkable 

differences occur in the centre of Northeastern Brazil, where ECMWF-SEAS5 points to a larger 

extension of the area of 0.80 ≤ SI ≤ 0.99, whose classification is markedly seasonal with a long 

drier season. Other differences are found in southern Argentina, where ECMWF-SEAS5 

indicates a region with 0.20 ≤ SI ≤ 0.39, classified as homogeneous with a defined wet season. 

In the CPC, this region yields 0.4 ≤ SI ≤ 0.59, categorized as quite seasonal with a shorter dry 

season. Differences also occur in the region to the west of the Andes, covering the extreme 

northwest of Argentina and the extreme southwest of Bolivia, where the ECMWF-SEAS5 

indicates values of 1.0 ≤ SI ≤ 1.19, while the CPC gives values of 0.8 ≤ SI ≤ 0.99. These 

differences are assumed to be due to systematic errors in SEAS5, as the model underestimates 

the precipitation in the mountain range region in the autumn and winter months and overestimates 

it in the spring and summer months shown in Figure 6. 

Differences aside, it is observed that the two outputs generate very similar fields. The 

SEB region falls into the seasonal and very seasonal categories with a short drier season (values 

of 0.4 ≤ SI ≤ 0.79), which is expected since this sector is influenced by the monsoon system 

(CARVALHO; JONES; LIEBMANN, 2004). An exception occurs in the extreme northwest of 

Minas Gerais, where the two fields indicate the classification of markedly seasonal with a long 

drier season, a regime verified in other studies that show this sector as the driest in Minas Gerais 

(PEREIRA et al., 2018; SILVA; REBOITA, 2013). 
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Table 6 – Classification of Seasonality Index (SI) according to Walsh and Lawler (1981). 

Rainfall Regime SI Class Limits 

Very equable ≤ 0.19 

Equable but with a definite wetter season 0.20 – 0.39 

Rather seasonal with a short drier season 0.40 – 0.59 

Seasonal 0.60 – 0.79 

Markedly seasonal with a long drier season 0.80 – 0.99 

Most rain in 3 months or less 1.00 – 1.19 

Extreme, almost all rain in 1-2 months ≥ 1.20 

 

 

 

 

Figure 33 – Seasonality Index (SI) derived from the ECMWF-SEAS5 hindcasts and CPC over 1993-2016 for 

South America. 
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Figure 34 shows the interannual SI series obtained for the SEB with ECMWF-SEAS5 

and CPC. ECMWF-SEAS5 provided an interval of 0.35 ≤ SI ≤ 0.55, with a mean of 𝑆𝐼̅ = 0.49, 

and CPC 0.38 ≤ SI ≤ 0.68, with 𝑆𝐼̅ = 0.54. What is observed is that ECMWF-SEAS5 results in 

smaller SI values, a consequence of the model’s wet bias in this region, as shown in the 

precipitation compositions (Figures 6, 9, 19e, 20 and 21e). However, the CPC series exhibits 

interannual variations in seasonality (as in 2000, 2003, 2006, 2007, 2011, 2018 and 2020) that 

are not reproduced by the ECMWF-SEAS5. However, despite the deviations, it is noted that 

ECMWF-SEAS5 reasonably simulates the seasonal contrasts of rainfall in the SEB. Walsh and 

Lawler (1981) stated that the precise thresholds of the SI categories should not be interpreted 

with intrinsic significance. 

 

 

Figure 34 – Seasonality Index (SI) derived from the ECMWF-SEAS5 hindcasts and CPC over 1993-

2020 for the SEB domain. 

 

 

Considering the AMZ domain, both fields indicate values of 0.20 ≤ SI ≤ 0.59, 

corresponding to the categories of equable with a definite wetter season and rather seasonal with 

a short drier season (Figure 33). This domain is characterized by spatial and temporal 

heterogeneity of rainfall. In southern Amazonia, the dry season usually occurs from July to 

September and the rainy season from January to March, while the northern portion has the 

opposite seasonality (BAGLEY et al., 2014).  
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Figure 35 shows that ECMWF-SEAS5 remained close to CPC in the seasonal rainfall 

representation. Most years correspond to rather seasonal with a short drier season. Despite 

moderately representing the interannual variation of the index, it is noted that ECMWF-SEAS5 

provides higher SI values, which may be due to the model overestimating rainfall in the spring 

and summer months and underestimating it in the autumn and winter months (Figure 6). The 

series resulting from ECMWF-SEAS5 has an interval of 0.52 ≤ SI ≤ 0.60 and 𝑆𝐼̅ = 0.56, while 

the CPC provided 0.47 ≤ SI ≤ 0.64 and 𝑆𝐼̅ = 0.57, indicating reasonable proximity between the 

values. 

 

 

       Figure 35 – Similar to Figure 34, except for the AMZ subdomain. 

 

   

For the NEB subdomain, the maps show that both ECMWF-SEAS5 and CPC indicate 

categories of 0.8 ≤ SI ≤ 0.99 (markedly seasonal with a long drier season) in regions such as the 

central and northern NEB (with ECMWF-SEAS5 indicating a more extensive area under this 

rating) and 0.4 ≤ SI ≤ 0.59 (rather seasonal with a short drier season) in the east of the region 

(Figure 33). The systematic dry bias of ECMWF-SEAS5 in the region (Figures 6, 11 and 19e) is 

reflected in the highest SI values provided, resulting in 0.62 ≤ SI ≤ 0.75 and 𝑆𝐼̅ = 0.68, while the 

CPC resulted in 0.40 ≤ SI ≤ 0.85 e 𝑆𝐼̅ = 0.64 (Figure 36). 
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         Figure 36 – Similar to Figure 34, except for the NEB subdomain. 

 

 

 

In the SB region, both maps (Figure 33) indicate a predominance of SI ≤ 0.19, considered 

very equable, indicating that rainfall is evenly distributed over all months. However, some 

portions like north of Santa Catarina and Paraná are 0.20 ≤ SI ≤ 0.39 (equable but with a short 

drier season). As seen in the seasonal rainfall fields of the hindcasts (Figure 6), ECMWF-SEAS5 

underestimates the variable in autumn and winter and overestimates it in spring and summer. 

Here, the model provides SI series all located in the very equable class (Figure 37), similar to the 

result of the 1993-2016 composition (Figure 33), but different from the series provided by the 

CPC, which is in the range of equable but with a short drier season. ECMWF-SEAS5 provides 

0.08 ≤ SI ≤ 0.21 and  𝑆𝐼̅ = 0.13, and the CPC gives 0.27 ≤ SI ≤ 0.32 and  𝑆𝐼 ̅̅̅̅ = 0.31, indicating 

the disparity between the indices obtained annually.  

The ECMWF-SEAS5 and CPC series discrepancy is more notable in the SESA 

subdomain than in the SB one (Figure 38). The maps in Figure 33 indicate reasonable similarity 

between the two outputs, with ECMWF-SEAS5 showing the region with 0 ≤ SI ≤ 0.39 and CPC 

with 0.20 ≤ SI ≤ 0.39. However, the interannual series resulting from the CPC falls almost 

entirely in the rather seasonal class with a short drier season, while ECMWF-SEAS5 presents its 

series in the very equable class. The ECMWF-SEAS5 results in a series with 0.07 ≤ SI ≤ 0.19 

and  𝑆𝐼 ̅̅̅̅  = 0.10, and the CPC gives 0.20 ≤ SI ≤ 0.53 and  𝑆𝐼 ̅̅̅̅  = 0.37, showing considerable 

asymmetry between the indices obtained by the two series. 
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           Figure 37 – Similar to Figure 34, except for the SB subdomain. 

 

 

 

 

 

 

 

                  Figure 38 – Similar to Figure 34, except for the SESA subdomain. 
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In the NSA domain, both ECMWF-SEAS5 and CPC indicate regions with 0.2 ≤ SI ≤ 

0.59, values corresponding to the categories of equable but with a short drier season and rather 

seasonal with a short drier season (Figure 33). In the CPC, small portions of Venezuela and 

Guyana are in the range of 0.6 ≤ SI ≤ 0.79 (seasonal), a characteristic not found by ECMWF-

SEAS5. The series provided by ECMWF-SEAS5 indicates 0.18 ≤ SI ≤ 0.36 and 𝑆𝐼 ̅̅̅̅  = 0.24, and 

the CPC gives 0.23 ≤ SI ≤ 0.46 and 𝑆𝐼 ̅̅̅̅  = 0.31, indicating relative symmetry between the two 

series. 

 

 

                  Figure 39 – Similar to Figure 34, except for the NSA subdomain. 

 

 

 

Finally, the SI index is a simple metric for mapping large areas regarding their seasonal 

variation in precipitation. The ECMWF-SEAS5 results show that the model presented an 

acceptable representation of SI in the SEB, AMZ, NEB and NSA regions. On the other hand, 

regions such as SB and SESA indicated considerable disparity between the series compared to 

the CPC, which may be due to the model's deficiency in representing mid-latitude atmospheric 

systems (DE JESUS et al., 2016). 
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6.13 Precipitation Regimes in South America 

 

This section presents the results obtained by the cluster analysis performed with monthly 

ECMWF-SEAS5 predictions (lead time 1-month) and monthly CPC analyses for 1993-2016. The 

previous choice of k = 8 resulted in eight rainfall regimes in SA, consistent with the qualitative 

analysis carried out by Reboita et al. (2010a). 

 

 

 

a) – R1 – Southwest South America 

 

  R1 comprises sectors of southwestern SA such as central-southern Chile and far-western 

southern Argentina (Figure 40). In this region, the annual rainfall cycle presents maximum in 

winter and minimum in summer, except in the southernmost part, where precipitation is 

homogeneously distributed throughout the year (REBOITA et al., 2010a, 2012).  

 

 

Figure 40 – R1 formed by southwestern South America and annual precipitation cycle (mm day-1). 
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Precipitation in this region is mainly influenced by the South Pacific Subtropical 

Anticyclone (SPSA) (BARRETT; HAMEED, 2017; FAHAD et al., 2021; FLORES-

AQUEVEQUE et al., 2020; ZOU; XI, 2021), a centre of semi-permanent high pressure caused 

by the subsiding movement of the Hadley cell. The SPSA is located further north during winter, 

allowing transient systems and the anticyclone's west-south winds to reach the Andes, favouring 

precipitation west of the mountain range (ESPINOZA et al., 2020; GARREAUD; MUÑOZ, 

2005; VIALE et al., 2019). However, in summer, SPSA is located in its southernmost position, 

so its southeast sector acts on, inhibiting the passage of transient systems and the development 

of cloudiness and decreasing precipitation rates in this season. 

Figure 40 illustrates the monthly rainfall cycle in R1 obtained by ECMWF-SEAS5 and 

CPC, and the results are discrepant. The CPC indicates slight total rainfall and shows that the 

larger rainfall rates occur in winter, with a maximum of 4 mm day-1 in June. In contrast, ECMWF-

SEAS5 overestimates rainfall throughout the year, with maximums of 11 mm day-1 in May and 

July. The model's poor performance in this region is also indicated in the skill score results 

(Figure 7). In addition, ECMWF-SEAS5 points to R1 in the extreme south of Chile and 

Argentina, and CPC points to R1 further north.  

 

 

 

b) – R2 – Northern Chile, Northwest and Central-South Argentina 

 

The R2 sector is formed by northern Chile, northwestern and central-south Argentina. In 

the northern sector of R2, the subsiding movements of the SPSA inhibit the occurrence of rain, 

responsible for the extreme aridity of northern Chile (ACEITUNO et al., 2021; ANCAPICHÚN; 

GARCÉS-VARGAS, 2015; GREZ et al., 2020; MESEGUER- RUIZ et al., 2020a; VALDÉS-

PINEDA et al., 2016) and the existence of the Atacama Desert (BÖHM et al., 2020; 

GONZÁLEZ-PINILLA et al., 2021; MESEGUER-RUIZ et al., 2020b; VELOSO et al., 2020). 

The annual rainfall cycle obtained by the CPC (Figure 41-b2) illustrates this arid 

behaviour of the northern region of R1, with monthly rainfall totals below 0.12 mm day-1 

throughout the year. However, as previously verified, ECMWF-SEAS5 overestimates the rainfall 

in the region throughout the year, indicating totals of up to 0.75 mm day-1. 
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Figure 41 – R2 formed by northern Chile, northwest and central-south Argentina and annual precipitation cycle 

(mm day-1). 

 

 

In the southern sector of R2, ECMWF-SEAS5 consistently reproduces the annual rainfall 

variation (Figure 41-b1), indicating pronounced rainfall totals from May to August. Furthermore,  

the regions have relatively similar spatial delimitation between the two types of data, except that 

CPC extends the R2 to the entire marine coast of Peru and southwestern Bolivia. 

 The south of R2, formed by northwestern and south-central Argentina, is located in the 

lee of the Andes Mountains, which is unfavourable to rain in the sector (REBOITA et al., 2010a). 

The rains in this region are due to the action of frontal and cyclonic systems since the southeast 

coast of Argentina is a frontogenetic and cyclogenetic region (BLÁZQUEZ; SOLMAN, 2016; 

CARDOZO; REBOITA; GARCIA, 2015; CRESPO et al., 2021; DA ROCHA et al., 2018; DE 

JESUS et al., 2016, 2021; GOZZO et al., 2014; REBOITA et al., 2009, 2010, 2019). Furthermore, 

as the southern temperature gradients are relatively intense in this region, it is conducive to 

forming cyclones and frontal systems (REBOITA et al., 2010a).  

Cyclones are closed circulation centres with lower central pressure than on their periphery 

and play an essential role in global thermal regulation (YNOUE et al., 2017). Finally, frontal 
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systems are common transient disturbances in atmospheric circulation and increase precipitation 

in the regions they pass through (CARDOZO; REBOITA; GARCIA, 2015 ESCOBAR; 

REBOITA; SOUZA, 2019). More detailed descriptions of the cyclones and frontal systems can 

be found in Palmén and Newton (1969), Peixoto and Oort (1992), Hartmann (1994), Wallace and 

Hobbs (2006), Ahrens (2009) and Ynoue et al. (2017). 

 

 

c) – R3 – West of Peru, West and South of Bolivia, North and Center-East of Argentina and 

North-Central Paraguay 

 

 

The R3 sector comprises western Peru, western and southern Bolivia, northern and 

central-eastern Argentina and central-northern Paraguay (Figure 42), with larger totals of rain in 

the summer months and smaller ones in the winter months (REBOITA et al., 2010a). The spatial 

configuration of R3 is similar between the two fields, but the CPC indicates portions of this group 

in Peru, which is not found in the ECMWF-SEAS5 results. The European model reasonably 

simulates the annual precipitation cycles, except in Peru, where ECMWF-SEAS5 considerably 

overestimates the variable. ECMWF-SEAS5 overestimates also occur in Bolivia and Argentina 

but to a lesser extent. In the northern sector of R3, the low-level jets (LLJs) constitute a crucial 

atmospheric system, as they transport moisture to the region (AGUIRRE et al., 2021; ARRAUT 

et al., 2012; JONES, 2019; MARDONES et al., 2021; MONTINI; JONES; CARVALHO, 2019), 

favouring the formation of mesoscale convective complexes (MCCs) (PIERSANTE et al., 2021). 

Low-Level Jets (LLJs) are a narrow region of anomalously strong winds that blow into 

the lower troposphere, along the east side of mountain ranges such as the Rocky Mountains in 

the United States and the Andes in South America (HODGES; PU, 2019; MARENGO, 2004; 

MARENGO; AMBRIZZI; SOARES, 2009; NASCIMENTO; HERDIES; SOUZA, 2016; 

STENSRUD, 1996). From November to February, LLJs are more frequent north of 20ºS (Bolivia 

region), while in southern latitudes, they are frequent throughout the year (REBOITA et al., 

2010a; SANTOS; REBOITA, 2018). However, its moisture transport from the tropics to the 

subtropics is more intense in summer (MARENGO et al., 2004). 
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Figure 42 – R3 formed by west of Peru, west and south of Bolivia, north and centre-east of Argentina, north-

central Paraguay, and annual precipitation cycle (mm day-1). 

 

 

In summer, there is more significant moisture transport from the Atlantic Ocean to the 

Amazon Basin by the trade winds, and such moisture can be channelled by LLJs to the subtropics, 

favouring the development of mesoscale convective complexes (MCCs) in south-central Brazil 

(REBOITA et al., 2010a). Mesoscale convective systems (MCCs) are constituted by an 

agglomerate of convective clouds that present an area with continuous precipitation, which may 

have various forms such as partially stratiform or partially convective (HOUZE, 2004). In the 

north of R3, the LLJs favour the formation of mesoscale convective complexes (MCCs) 

(PIERSANTE et al., 2021; RASMUSSEN et al., 2016). 

In the south-central part of R3, precipitation can be caused by different factors such as 

frontal systems (BLÁZQUEZ; SOLMAN, 2016; CARDOZO; REBOITA; GARCIA, 2015; 

ESCOBAR; REBOITA; SOUZA, 2019), cyclones (CRESPO et al., 2021; DA ROCHA et al., 

2019; DE JESUS et al., 2016, 2021; MENDES et al., 2010; REBOITA; AMBRIZZI; DA 

ROCHA, 2009; REBOITA et al., 2021b) and subtropical upper-level cyclonic vortices 

(CAMPETELLA; POSSIA, 2007; PINHEIRO et al., 2016; PINHEIRO; HODGES; GAN, 2020; 

PORTMANN; SPRENGER; WERNLI, 2021; REBOITA et al., 2010b; SATYAMURTY; 
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SELUCHI, 2007). Upper-level cyclonic vortices (ULCVs) are low-pressure synoptic systems 

formed in the upper troposphere and whose closed cyclonic circulation has a colder centre than 

its periphery (KOUSKY; GAN, 1981). 

 

 

d) – R4 – Southern Brazil, Southern Paraguay and Uruguay 

 

 

The R4 region, formed by southern Brazil, southern Paraguay and Uruguay, has rainfall 

well distributed throughout the year (NERY; CARFAN, 2014; REBOITA et al., 2010a). Figure 

43 shows that ECMWF-SEAS5 satisfactorily reproduces the annual rainfall cycle in the region, 

despite overestimating the totals in the winter months. Furthermore, the precipitation regime 

fields are very similar between ECMWF-SEAS5 and CPC, an aspect also found in the analysis 

of the SI index (Figure 33). 

 

 

Figure 43 – R4 formed by southern Brazil, southern Paraguay, Uruguay and north-central Paraguay and annual 

precipitation cycle (mm day-1). 
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Amongst the main atmospheric phenomena acting in the region are frontal systems 

(CARDOZO; REBOITA; GARCIA, 2015; ESCOBAR; REBOITA; SOUZA, 2019; REBOITA; 

KRUSCHE; PICOLLI, 2006; RODRIGUES; FRANCO; SUGAHARA, 2004), cyclones 

(CRESPO et al., 2021; DA ROCHA et al., 2019; DE JESUS et al., 2016, 2021; DIAS PINTO; 

DA ROCHA, 2011; DIAS PINTO; REBOITA; DA ROCHA, 2013; GAO; RAO, 1991; GOZZO 

et al., 2014; IWABE; DA ROCHA, 2009; MENDES et al., 2010; REBOITA; AMBRIZZI; DA 

ROCHA, 2009; REBOITA; DA ROCHA; OLIVEIRA, 2019; REBOITA et al., 2021b), 

subtropical ULCVs (PINHEIRO et al., 2016; PINHEIRO; HODGES; GAN, 2020; 

PORTMANN; SPRENGER; WERNLI, 2021; REBOITA et al., 2010b), MCCs (CAMPOS; 

EICHHOLZ, 2011; DURKEE; MOTE, 2010; DURKEE; MOTE; SHEPHERD, 2009; 

EICHHOLZ; CAMPOS, 2014; SILVA DIAS; ROZANTE; MACHADO, 2009; MORAES et al., 

2020; PIERSANTE et al., 2021; SALIO; NICOLINI; ZIPSER, 2007), atmospheric blockings 

(RODRIGUES; WOOLINGS, 2017), breezes (TRUCOLLO, 2011).  

Furthermore, R4 may also be indirectly influenced by the South Atlantic Convergence 

Zone (SACZ) (CAVALCANTI, 2012; FERNANDES; RODRIGUES, 2017; PEDRON et al., 

2016). Although SACZ acts climatologically in southeastern Brazil, it can induce subsiding 

movements in southern Brazil, inhibiting the occurrence of rain (REBOITA et al., 2010a). In 

addition, the region is also impacted by ENSO episodes, such that wet (dry) conditions occur in 

El Niño (La Niña) episodes, as discussed in many studies (BUENO et al. 2020; CAI et al. 2020; 

CIRINO et al., 2015; GRIMM, 2003; GRIMM et al., 2000, 2020; GRIMM; TEDESCHI, 2009; 

HURTADO; AGOSTA, 2020). 

 

 

 

e) – R5 – Northwest to Southeast of Brazil, including Ecuador and northern Peru 

 

 

The R5 covers a wide area of SA as it extends from Ecuador and northern Peru to 

southeastern Brazil. In this region, total rainfall is maximum in summer and minimum in winter. 

This pattern is evident in Figure 44, which shows the annual precipitation series in three distinct 

regions of the R5: Southeast, Midwest and North Brazil. ECMWF-SEAS5 skillfully reproduces 

the region's seasonal rainfall cycle, although it overestimates more intensely in the Amazon 

region.  
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Figure 44 – R5 formed by Northwest to Southeast Brazil, including Ecuador and northern Peru and annual 

precipitation cycle (mm day-1). 

 

 

Southeast Brazil is a particular area from a climatic point of view. This peculiarity is due 

to the region being inserted in transition areas between the tropics and extratropics, presenting a 

warm climate of low latitudes and a temperate climate of mid-latitudes (NIMER, 1989). The 

summer is humid due to the South American monsoon system (ASHFAQ et al., 2020; DA 

ROCHA et al., 2012; GRIMM, 2019; GRIMM; SABOIA, 2015; MARENGO et al., 2012; 

PASCALE et al., 2019; REBOITA et al., 2014b; TEODORO et al., 2021; VERA et al., 2006) 

and to the SACZ occurrence (CARVALHO; JONES; LIEBMANN, 2004; ESCOBAR; 

REBOITA, 2020; SILVA; MARRAFON; REBOITA, 2020; REBOITA; ESCOBAR, 2019). 

SACZ plays a key role in the rainy season in Southeast Brazil (AGUIAR; CATALDI, 

2021; CARVALHO; JONES; LIEBMANN, 2004; ESCOBAR; REBOITA, 2020; GRIMM, 

2011; KODAMA, 1992; KOUSKY, 1988; MARRAFON; REBOITA, 2020; QUADRO et al., 

2012), accounting for 25% of rainfall from October to April (NIELSEN et al., 2019). SACZ is 

characterized as a cloudiness band extending from the Southern Amazon to the southwest of the 

Atlantic Ocean, passing through Southeastern Brazil and remaining stationary over these regions 

for periods equal to or greater than three days (YNOUE et al., 2017). The formation of SACZ is 
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associated with the convergence between the transport of moisture and heat from the Amazon 

region by the LLJs east of the Andes and the transport of humid air from the South Atlantic 

Ocean to the continent by the northwest winds of the South Atlantic Subtropical Anticyclone 

(SASA) (MARENGO et al., 2004; PENNA et al., 2021; REBOITA et al., 2010a). LLJs are 

essential for moisture transport from the Amazon Basin to Southeastern Brazil, contributing to 

the region's monsoon system (REHBEIN et al., 2018). In SACZ episodes, it is also possible to 

observe a stationary cold front over the South Atlantic Ocean associated with this system 

(YNOUE et al., 2017).  

Inversely, Southeast Brazil’s winter is dry under the SASA influence, which reaches its 

westernmost position in the colder months (REBOITA et al., 2019). The SASA is a semi-

permanent anticyclone with seasonal variability, extending over the Southeast during winter and 

displacing east during summer (CARPENEDO; AMBRIZZI, 2020; REBOITA et al., 2019). In 

winter, SASA inhibits the influence/formation of other atmospheric systems such as frontal 

systems, reducing rainfall in the Southeast and configuring drier conditions (CARPENEDO; 

AMBRIZZI, 2020; YNOUE et al., 2017). In summer, as the SASA is far from the Brazilian coast, 

its circulation contributes to moisture transport from the Atlantic Ocean to the continent’s 

interior, favouring precipitation (YNOUE et al., 2017). In the western sector of the South Atlantic 

Basin, SASA also affects rainfall in Southeastern Brazil through its impact on SST and SACZ 

(BOMBARDI et al., 2014; SUN; COOK; VIZY, 2017). It is noticeable that in the summer of 

2014, the SASA was in an anomalous position to the west, which induced an intense drought 

over the Southeast (COELHO et al., 2016; REBOITA et al., 2015, 2019). 

Southeast Brazil is also influenced by other systems such as prefrontal instability lines, 

cold fronts (CAVALCANTI; KOUSKY, 2009; FOSS; CHOU; SELUCHI, 2016), MCCs 

(SIQUEIRA; MARQUES, 2021), cyclones (REBOITA et al., 2020), atmospheric blockings 

(MARENGO et al., 2021; RODRIGUES et al., 2019) and breezes (RIBEIRO et al., 2018; 

VEMADO; FILHO, 2016). 

Precipitation in central-western Brazil is maximum in summer, influenced by the 

monsoon system (GAN; KOUSKY; ROPELEWSKI, 2004; PRADO et al., 2021). The northern 

portion is impacted by systems that act in the Amazon, such as MMCs (REBOITA et al., 2010a), 

and the southern sector is affected by extratropical atmospheric systems such as frontal systems 

(ESCOBAR; VAZ; REBOITA, 2019). The region is also strongly influenced by ENSO 

(BORGES; BERNHOFER; RODRIGUES, 2018; HEINEMANN et al., 2021; SANTOS et al., 

2021). 
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North Brazil has the highest annual rainfall (NIMER, 1989) and spatial rainfall 

heterogeneity (MARENGO, 1995). Its precipitation regime is influenced by different 

atmospheric systems such as the Intertropical Convergence Zone (MARENGO, 1995; 

MARENGO; HASTENRATH, 1993; RAO; HADA, 1990; TEODORO; REBOITA; ESCOBAR, 

2019), frontal systems (ESCOBAR; VAZ; REBOITA, 2019; KOUSKY; FERREIRA, 1981), 

instability lines (BEZERRA et al., 2021; COHEN; SILVA DIAS; NOBRE, 1995; NESTARES, 

2017; OLIVEIRA; OYAMA, 2019; SOUSA, 2020; SOUSA; CANDIDO; SATYAMURTY, 

2021), MCCs (ANSELMO et al., 2021; JARAMILLO; POVEDA; MEJÍA, 2017; SALIO; 

NICOLINI; ZIPSER, 2007), the Pacific and Atlantic SST (WANG et al., 2018), the Bolivian 

High (FERREIRA et al., 2012; KOUSKY; KAYANO, 1981; LENTERS; COOK, 1997). 

The Intertropical Convergence Zone (ITCZ) configures a band of convective clouds 

extending along the equatorial sector. It constitutes a region where the trade winds from the 

northern and southern hemispheres converge close to the equator at low levels in the atmosphere. 

This convergence makes the warm and humid air of the tropics ascend and promotes moisture 

transport from the ocean to the upper levels, favouring the formation of a cloud band with great 

vertical development (YNOUE et al., 2017). Thus, ITCZ greatly influences the rainy season of 

the northern Northeast and the northeastern semiarid (COELHO; GAN; CONFORTE, 2004; 

TEODORO; REBOITA; ESCOBAR, 2019). ITCZ is a thermally induced low-pressure system 

since it is positioned over oceanic areas with positive SST anomalies and negative sea level 

pressure anomalies (HASTENRATH, 1991). The system acts in the North and Northeast Brazil 

in two ways: through agglomerates of convective clouds that form along with the band and move 

west, reaching the Amazon Basin, and through the interaction of trade winds with sea breeze 

circulation, forming instability lines that enter the continent (REBOITA et al., 2010a). 

The Bolivian High (BH) is an anticyclonic circulation in the upper troposphere, centred 

on average over the Bolivian Highlands. Elevated plateaus such as the Bolivian Highlands act as 

heat sources in the middle troposphere during the summer, and intense storms occur in the 

vicinity of these uplands (VIRJI, 1981), contributing to rainfall in North and Northeast Brazil 

(REBOITA et al., 2010a). According to Virji (1981), the latent and sensible heat release to the 

atmosphere in these regions helps maintain the anticyclone in the upper troposphere during 

summer. Lenters and Cook (1997) investigated the influence of South American topography on 

BH formation and concluded that the system forms in response to the precipitation over the 

Amazon Basin, central Andes, SACZ, and precipitation over Africa. Thus, the BH position is 
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primarily determined by rainfall in Amazonia, while the topographic effect of the Andes 

Mountains plays a secondary role in rainfall variability.  

The cold fronts also reach North Brazil (MARENGO; NOBRE; CULF, 1997; NETO; 

SATYAMURTY; CORREIA, 2015), a phenomenon known as “friagens”. 

 

 

f) – R6 – Northern Brazil and the coast of northeastern Brazil 

 

 

The R6 comprises northern Brazil and the coast of northeastern Brazil, with maximum 

rainfall in the first half of the year. Figure 45 shows that although ECMWF-SEAS5 

underestimates the rainfall in the region throughout the year, the model simulates the annual 

cycle appropriately. 

The R6 is mainly influenced by the ITCZ's annual displacement (CAVALCANTI, 2015; 

HASTENRATH, 2006, 2012; HOUNSOU-GBO et al., 2015; KUCHARSKI; POLZIN; 

HASTENRATH, 2008; MOURA; SHUKLA, 1981; TEODORO; REBOITA; ESCOBAR, 2019; 

MARENGO et al., 2018; SHIMIZU; ANOCHI; KAYANO, 2021; UTIDA et al., 2019; UVO et 

al., 1998; WU et al., 2020). ITCZ reaches its southernmost position between austral summer and 

autumn (between February and April), locating approximately around 4º S, and contributing to 

the maximum rainfall that occurs in the northern and coastal regions of the Northeast during the 

first semester of the year ( REBOITA et al., 2010a). 

The east of R6 can also be affected by other atmospheric systems such as sea and land 

breezes (ANJOS et al., 2020; KOUSKY, 1980; SOUZA; OYAMA, 2017), frontal systems 

(ESCOBAR; REBOITA; SOUZA, 2020; FEDOROVA; LEVIT ; DA CRUZ, 2016; KOUSKY, 

1979), instability lines (OLIVEIRA; OYAMA, 2019; SILVA DIAS, 1987; SOUSA, 2020), 

MCCs (SOUSA, 2020), tropical ULCVs (FERREIRA; REBOITA; DA ROCHA, 2019; 

KOUSKY ; GAN, 1981; MORAIS; GAN; YOSHIDA, 2020; RAMÍREZ; KAYANO; 

FERREIRA, 1999), and EWDs (GOMES et al., 2015, 2019; SILVA; DA ROCHA; GOMES, 

2020; TORRES; FERREIRA, 2011). 
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Figure 45 – R6 formed by northern Brazil and the coast of northeastern Brazil and annual precipitation cycle (mm 

day-1). 

 

 

ULCVs distinguish from other atmospheric systems by presenting favourable or 

unfavourable conditions for the occurrence of precipitation (FERREIRA; REBOITA; DA 

ROCHA, 2019). On the systems’ periphery, there are upward movements and the formation of 

convective clouds. Conversely, there are subsiding movements and inhibition of convective 

activity. On tropical ULCVs, their development is mainly due to the joint action of BH with the 

Northeast trough (KOUSKY; GAN, 1981). However, the interaction with the flow of mid-

latitudes plays a relevant role in forming the systems (FERREIRA; REBOITA; DA ROCHA, 

2019; PAIXÃO; GANDU, 2000).  

Easterly wave disturbances (EWDs) are waves that propagate from West Africa to the 

tropical Atlantic, characterized by disturbances in the trade wind regime, with an average period 

of 5.5 days and maximum occurrence in the austral winter (GOMES et al. 2019; MACHADO et 

al., 2009; TORRES; FERREIRA, 2011). When EWDs interact with the local circulation induced 

by the topography, there can be convergence at low levels and increased precipitation over the 

east and north coasts of the Northeast (GOMES et al., 2015, 2019).  

EWDs are vital as they transport large amounts of moisture to generally dry regions 

(GOMES et al., 2015, 2019). In this context, the precipitation produced by EWDs can benefit 
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activities related to agriculture and energy, but it is also responsible for flash floods, landslides 

in risk areas, erosion and, consequently, several harmful impacts on society and economy 

(GOMES et al., 2015, 2019; SILVA; DA ROCHA; GOMES, 2020; TORRES; FERREIRA, 

2011). EWDs cause rain mainly in the Zona da Mata, which extends from the Recôncavo Baiano 

to the coast of Rio Grande do Norte State, and, in the centre-north of Ceará, State when 

atmospheric and oceanic conditions are favourable (FERREIRA; MELO, 2005). 

 

 

g) – R7 – Brazil's northeastern hinterland 

 

The R7 covers the hinterland of Northeast Brazil, a region with slight total rainfall, 

between 200 to 500 mm (REBOITA et al., 2010a). Despite systematic underestimation errors in 

the region, ECMWF-SEAS5 consistently reproduces the annual rainfall cycle in the sector. The 

northeastern hinterland area presents the minor total rainfall resulting from the subsiding 

movements of Hadley and Walker cells in the region, whose influence exceeds that of the 

Borborema Highlands in inhibiting convection in this sector (REBOITA et al., 2016). 

The R7 region presents a remarkable interannual rainfall variability, with arid and rainy 

years (MARENGO et al., 2020, 2021). Such variability is attributed to teleconnection 

mechanisms such as the SST variation in the tropical Pacific and Atlantic. In addition, during El 

Niño events, the subsidence cell acting on the region inhibits convective activity over the western 

tropical Atlantic and reduces precipitation in the Northeast (ANDREOLI; KAYANO, 2007; 

COSTA et al., 2021; JARDIM et al., 2021; MARENGO et al., 2018; RODRIGUES et al., 2011; 

RODRIGUES; MCPHADEN, 2014; SHIMIZU; ANOCHI; KAYANO, 2021; UVO et al., 1998).  

Furthermore, the southern gradient of SST in the tropical Atlantic affects the latitudinal 

displacement of the ITCZ, so that the migration of this system induces precipitation in the 

Northeast (CAVALCANTI, 2015; HOUNSOU-GBO et al., 2015; KUCHARSKI; POLZIN; 

HASTENRATH, 2008; MARENGO et al., 2018; UTIDA et al., 2019; UVO et al., 1998; WU et 

al., 2020). 
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Figure 46 – R7 formed by Brazil's northeastern hinterland and annual precipitation cycle (mm day-1). 

 

 

 

h) – R8 – Northern South America 

 

The R8 region covers the north of SA, where rainfall is high throughout the year but has 

larger values in winter. This behaviour is due to ITCZ acting in its northernmost position, directly 

influencing R8. Conversely, in summer, when the ITCZ moves to the south, the rainfall in that 

region is somewhat unfavourable. 

  In addition to the ITCZ (HOYOS et al., 2018, 2019; SATYAMURTY; ROSA, 2019; 

URREA; UCHOA; MESA, 2019), eastern waves (RYDBECK; MALONEY; ALAKA JR., 

2017), local convection, CCM, breeze circulation (PÉREZ et al., 2018; YEPES et al., 2017) and 

instability lines are systems that contribute to precipitation in R8. 

In summary, Figure 48 schematically illustrates the major synoptic systems for regional 

circulation over SA. 
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Figure 47 – R8 formed by the north of South America and annual precipitation cycle (mm day-1). 

 

 

 

 

 

 

 



120 
  

  

              

 

 

Figure 48 – Schematic sketch of important atmospheric circulation features over the South American region, considering events with (right) and without (left) SACZ.  

SALLJ = South American Low-Level Jet East of the Andes; TNA trades = Tropical North Atlantic trade winds; TSA trades = Tropical South Atlantic trade winds; ET = 

evapotranspiration from Amazon forests; MCS = Mesoscale Convective Systems; ITCZ = Intertropical Convergence Zone; SPSA = South Pacific Subtropical 

Anticyclone; SASA = South Atlantic Subtropical Anticyclone; NT = Northeast Trough; BH = Bolivian High; SJ = Subtropical Jet; PJ  = Polar Jet. Adapted from 

Satyamurty,  Nobre and Silva Dias (1998) and Silva, Reboita and Escobar (2019). 
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7. CONCLUSIONS 

 

The present work aimed to evaluate the quality of seasonal precipitation and 2 m 

temperature predictions from ECMWF-SEAS5 over South America. Hence, their hindcasts from 

1993 to 2016  and forecasts from 2017 to 2020 were validated. 

The seasonal mean precipitation forecast fields indicated an appropriate simulation of the 

seasonal patterns over Brazil, satisfactorily representing the monsoon system and the rainfall 

variability in the country's interior. Nevertheless, the reforecasts have systematically 

overestimated rainfall predictions in the Amazon region and South and Southeast Brazil. 

Conversely, the model also has systematic underestimation errors in predicting rainfall over 

Northeast Brazil. 

The temperature fields indicate that the model has a systematic cold bias over most of 

South America. However, exceptions occur in NEB and SESA, where the model overestimates 

the temperature. In general, the cold bias of the model tends to be accentuated in the austral 

summer months, covering regions with a warm bias such as SESA. 

The skill score evaluation showed that the main seasonal correlations of precipitation and 

temperature anomaly occur in high climate predictability areas such as the more tropical latitudes 

of North and Northeast Brazil and subtropical latitudes in the continent's south. Furthermore, the 

temperature skill scores showed that ECMWF-SEAS5 could predict this variable in regions with 

poor rainfall prediction performance, such as SESA. 

Seasonal anomalies of precipitation and temperature predictions were also calculated for 

South American subdomains. The model showed a competence to simulate the interannual 

variability of rainfall, especially in transition seasons. However, hindcasts were not efficient in 

capturing anomalous climate events like the 2013/2014 Southeast Brazil drought, the 1997/1998 

drought in Northeast Brazil, and the Eastern Amazon and Northeast Brazil drought in 2015. For 

temperature, the best simulations were obtained for NEB and NSA, where the model skillfully 

represented their interannual variability.   

Statistical parameters calculated for regionalized seasonal precipitation and temperature 

mean anomalies indicated considerable variability of metrics between subdomains, among which 

NEB, SB and NSA indicate the best results for precipitation. However, despite the low 
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precipitation predictability, the AMZ subdomain performed better concerning the temperature 

predictions. 

Seasonal rainfall predictions from the 2017-2020 set of real-time forecasts were also 

examined to assess their systematic errors. Biases fields indicated that predictions with 

overestimated rainfall in the south and Amazon regions persist. Furthermore, systematic 

underestimates of rainfall predictions in the northeastern sectors remain in the ECMWF-SEAS5 

real-time forecasts. Regarding temperature forecasts, systematic underestimates in the South 

American continent persist, with slight reductions in SEB and NEB and intensification of 

overestimates in SESA.  

Seeking physical explanations for the model errors is beyond the scope of this work. 

Despite numerous advances and constant development of climate modelling, errors are intrinsic 

to the process. However, several studies point to different causes for the errors, such as deficiency 

in SST simulation, errors in the initialization of soil moisture conditions, inappropriate physical 

parameterization (MA et al., 2021, MEEHL et al., 2021; RISBEY et al., 2021). In this context, 

the ECMWF-SEAS5 seasonal climate forecasts seek to quantify the associated error by 

expanding the ensemble. 

Finally, it is concluded that the ECMWF-SEAS5 model effectively predicts seasonal 

precipitation and temperature over South America and has potential application to guide 

decision-making, provided that its limitations and appropriate conditions for use are observed 

(such as regions and periods with better performance). Some issues for future ECMWF-SEAS5 

studies include: 

- analyse the model's performance to predict the onset, demise and duration of the South 

American Monsoon System; 

- analyse the model's performance to predict cold waves on the continent; 

- bias correction of the predictions for hydrological purposes; 

- probabilistic analysis with upper and lower precipitation quantiles; 

- analysis of seasonal SST predictions and their relationship with teleconnection patterns 

acting on the continent. 
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Figure A1 – Left column: seasonal total precipitation (mm) derived from the ECMWF-SEAS5 hindcasts, averaged 

for 1993-2016 and over the 25 ensemble members. Center column: CPC seasonal total precipitation (mm) averaged 

over 1993-2016. Right column: seasonal total precipitation mean errors (mm) obtained by the difference between 

ECMWF-SEAS5 and CPC and averaged over 1993-2016. 
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Figure A1 – continued. 
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Figure A1 – continued. 
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Figure A1 – continued. 
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Figure A2 – Seasonal precipitation (colours) and temperature (contours) anomaly skill scores for the SEAS5 hindcasts. Trimesters correspond to 

reforecasts from the 1–3-month lead times. Only scores equal to or above 0.3 are shown. The score is nondimensional. 
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  SOUTHEAST BRAZIL - MEAN STATISTICS 1993-2016 - PREC  SOUTHEAST BRAZIL - MEAN STATISTICS 2017-2020 - PREC 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM 0,0000006167 0,0402 -0,2 0,143 0,81 1,067 14,93 -0,434 JFM 1,02790095 0,0247 -0,157 0,446 1,028 1,297 25,65 -0,123 

FMA -0,0000001413 0,0360 0,19 0,257 0,683 0,862 19,92 -0,115 FMA 0,372710375 0,3095 -0,556 0,42 0,561 0,581 35,21 -0,948 

MAM 0,0000000941 0,0015 -0,039 0,302 0,469 0,545 16,89 -0,243 MAM 0,389835475 0,5486 0,741 0,542 0,57 0,705 29,34 0,14 

AMJ 0,0000001379 0,1135 0,337 0,434 0,455 0,553 25,42 0,059 AMJ 0,29079861 0,0341 0,185 0,387 0,666 0,716 44,84 -0,187 

MJJ -0,0000000604 0,0223 0,149 0,397 0,472 0,539 30,86 -0,002 MJJ 0,358372175 0,0756 -0,275 0,401 0,503 0,58 51,32 -0,554 

JJA -0,0000001542 0,1773 0,421 0,608 0,276 0,361 26,92 0,326 JJA 0,2439441 0,1687 -0,411 0,373 0,298 0,354 40,53 -0,566 

JAS -0,0000001167 0,0000 -0,004 0,279 0,494 0,651 41,15 -0,167 JAS 0,5122905 0,1019 0,319 0,413 0,512 0,594 75,26 0,006 

ASO 0,0000001829 0,1022 0,32 0,441 0,626 0,704 35,26 0,119 ASO 0,19150875 0,9285 0,964 0,607 0,545 0,58 44,6 0,17 

SON -0,0000000646 0,1364 0,369 0,485 0,559 0,685 17,87 0,108 SON 0,4587037 0,0180 0,134 0,452 0,81 1,044 41,48 -0,238 

OND 0,0000000021 0,0171 0,131 0,283 0,699 0,784 15,19 -0,119 OND 0,62973734 0,1015 -0,319 0,453 0,868 1,127 25,21 -0,286 

NDJ 0,0000002387 0,1911 -0,437 0,049 0,897 1,186 13,95 -0,659 NDJ 1,491856275 0,0590 0,243 0,47 1,492 1,74 16,95 0,219 

DJF -0,0000001312 0,1290 0,359 0,363 0,87 1,048 13,82 0,011 DJF 1,342939625 0,3044 -0,552 0,433 1,343 1,616 27,23 -0,446 

 SOUTHEAST BRAZIL  -  MEAN STATISTICS 1993-2016 - TEMP  SOUTHEAST BRAZIL  -  MEAN STATISTICS 2017-2020 - TEMP 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM -0,0000001083 0,068 0,26 0,549 0,383 0,484 4,606 0,163 JFM -0,0093361 0,01 0,101 0,434 0,293 0,343 4,486 -0,684 

FMA 0,0000000975 0,065 0,254 0,538 0,395 0,519 2,41 0,206 FMA 0,51858205 0,03 0,173 0,353 0,555 0,63 1,345 0,125 

MAM 0,0000001708 0,026 0,16 0,466 0,47 0,618 3,495 0,137 MAM -0,18024785 0,103 -0,322 0,285 0,365 0,448 2,438 -0,407 

AMJ 0,0000000292 0,115 0,339 0,59 0,422 0,558 6,111 0,275 AMJ -0,4072945 0,076 0,275 0,231 0,479 0,556 4,309 0,032 

MJJ 0,0000000808 0,091 0,301 0,491 0,411 0,514 5,584 0,283 MJJ -0,3946555 0,391 -0,625 0,283 0,585 0,711 3,775 -0,693 

JJA -0,0000000167 0,029 0,17 0,467 0,474 0,596 2,791 0,16 JJA 0,33191685 0,466 -0,683 0,061 0,866 0,931 3,604 -0,756 

JAS -0,0000001813 0,012 -0,108 0,319 0,562 0,705 6,901 -0,143 JAS 0,06443545 0,006 -0,077 0,161 0,681 0,776 6,284 -0,396 

ASO 0,0000000167 0,08 0,283 0,521 0,511 0,597 9,471 0,196 ASO -0,14305775 0,235 0,485 0,487 0,646 0,695 9,911 0,186 

SON 0,0000000333 0,202 0,449 0,644 0,514 0,593 9,102 0,309 SON -0,5289857 0,24 0,49 0,579 0,53 0,844 11,1 0,219 

OND 0,0000000542 0,139 0,372 0,584 0,468 0,626 8,366 0,301 OND 0,1085821 0,206 0,454 0,605 0,347 0,414 7,804 0,44 

NDJ -0,0000005292 0,311 0,558 0,754 0,381 0,472 7,524 0,543 NDJ 0,15604945 0,073 0,269 0,507 0,322 0,422 6,66 0,246 

DJF 0,0000022563 0,335 0,579 0,753 0,363 0,437 6,622 0,549 DJF -0,055508225 0,062 -0,249 0,326 0,438 0,491 6,579 -0,31 
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  AMAZON - MEAN STATISTICS 1993-2016 - PREC  AMAZON - MEAN STATISTICS 2017-2020 - PREC 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM -0,0000003817 0,0046 0,068 0,2264 0,7429 0,9626 13,84 -0,201 JFM 1,338032 0,0164 0,1281 0,3126 1,338 1,4463 31,16 0,025 

FMA -0,0000004250 0,0661 0,2571 0,3448 0,757 0,9034 14,28 -0,046 FMA 0,718277 0,4995 -0,707 0,2879 0,7183 0,8057 32,26 -4,069 

MAM -0,0000002129 0,0389 0,1973 0,2739 0,6345 0,7708 14,97 -0,107 MAM 0,51431625 0,3729 0,6107 0,4793 0,5855 0,658 20,83 0,099 

AMJ 0,0000001171 0,4063 0,6374 0,5998 0,4163 0,4958 14,87 0,257 AMJ 0,234490638 0,6295 -0,793 0,271 0,4595 0,4955 19,4 -0,981 

MJJ -0,0000000583 0,3298 0,5743 0,6145 0,2326 0,2974 15,7 0,283 MJJ 0,346441 0,7021 -0,838 0,1845 0,4544 0,4784 34,54 -0,906 

JJA -0,0000000375 0,1415 0,3761 0,5727 0,2268 0,277 27,9 0,201 JJA 0,3410278 0,323 0,5684 0,1112 0,341 0,3532 56,85 -2,293 

JAS 0,0000001542 0,0973 0,3119 0,5555 0,3354 0,4133 48,58 0,123 JAS 0,49875981 0,1025 -0,32 0,238 0,4988 0,5739 97,61 -0,684 

ASO -0,0000000925 0,0496 0,2227 0,3996 0,4762 0,5849 39,5 -0,06 ASO 0,5486259 0,9194 0,9589 0,5809 0,5486 0,5793 67,24 0,201 

SON -0,0000000375 0,1322 0,3637 0,5621 0,5638 0,6946 26,57 0,167 SON 0,97399715 0,5939 0,7706 0,5104 0,974 1,0826 56,93 0,093 

OND 0,0000001083 0,1498 0,387 0,5157 0,6657 0,9256 22,42 0,137 OND 1,09334275 0,114 0,3377 0,5244 1,0933 1,3387 38,63 -0,418 

NDJ -0,0000004500 0,1729 0,4158 0,514 0,6666 0,9505 19,22 0,17 NDJ 1,7260184 0,1025 0,3201 0,4473 1,726 1,9063 35,26 0,074 

DJF 0,0000000787 0,0898 0,2997 0,4156 0,8359 1,0504 15,88 0,022 DJF 1,59063915 0,1358 0,3685 0,4318 1,5906 1,8235 37,81 -0,102 

 

 

 AMAZON -  MEAN STATISTICS 1993-2016 - TEMP  AMAZON -  MEAN STATISTICS 2017-2020 - TEMP 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM 0,0000001083 0,5218 0,7224 0,8366 0,2894 0,3413 4,92 0,222 JFM -0,314471825 0,5607 0,7488 0,5467 0,3145 0,3475 6,344 0,234 

FMA 0,0000002554 0,4745 0,6889 0,8185 0,3274 0,3732 5,786 0,646 FMA -0,2771589 0,792 0,89 0,6658 0,2772 0,2915 6,71 0,816 

MAM 0,0000000250 0,3498 0,5915 0,7573 0,324 0,4327 5,765 0,569 MAM -0,30229835 0,0057 0,0756 0,4606 0,4034 0,4417 6,766 0,064 

AMJ -0,0240616500 0,2867 0,5354 0,7145 0,3985 0,5045 5,076 0,514 AMJ -0,266974875 0,2149 0,4635 0,6226 0,3667 0,4498 5,978 0,282 

MJJ 0,0000000625 0,2943 0,5425 0,7104 0,3871 0,4755 3,926 0,46 MJJ -0,418155 0,2487 0,4987 0,5985 0,4182 0,5264 5,432 0,449 

JJA -0,0000000433 0,1535 0,3918 0,5797 0,5087 0,59 4,535 0,297 JJA -0,245963425 0,9711 0,9855 0,712 0,3655 0,3786 5,369 0,334 

JAS -0,0000000229 0,1357 0,3684 0,5383 0,4892 0,6094 4,831 0,203 JAS -0,39574775 0,8349 0,9137 0,6703 0,3957 0,4429 6,153 0,535 

ASO 0,0000001754 0,1388 0,3725 0,5975 0,4844 0,6246 4,542 0,308 ASO -0,37884875 0,9932 0,9966 0,7176 0,3788 0,4094 5,762 0,585 

SON 0,0000000458 0,3509 0,5924 0,7601 0,3809 0,4791 3,159 0,509 SON -0,47634675 0,7025 0,8381 0,6527 0,4763 0,524 4,7 0,8 

OND -0,0000008875 0,3619 0,6016 0,7783 0,3161 0,4054 3,016 0,595 OND 0,1211853 0,151 0,3885 0,6364 0,3897 0,4125 2,476 0,364 

NDJ 0,0000000371 0,4268 0,6533 0,7957 0,3013 0,3824 3,557 0,646 NDJ -0,10167775 0,6211 0,7881 0,831 0,1462 0,1679 3,861 0,758 

DJF 0,0000000750 0,5793 0,7611 0,864 0,2402 0,2967 4,409 0,739 DJF -0,16721475 0,7184 0,8476 0,622 0,1672 0,2178 4,971 0,364 
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  NORTHEAST BRAZIL - MEAN STATISTICS 1993-2016 - PREC  NORTHEAST BRAZIL - MEAN STATISTICS 2017-2020 - PREC 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM 0,0000001517 0,465 0,682 0,728 0,696 0,862 16,82 0,415 JFM 0,6544635 0,152 0,39 0,5 1,118 1,486 27,03 -0,057 

FMA -0,0000000750 0,195 0,441 0,605 0,955 1,17 29,02 0,245 FMA 0,09754015 0,181 0,426 0,629 0,613 0,66 23 -0,19 

MAM -0,0000003625 0,469 0,685 0,779 0,753 0,966 30,52 0,492 MAM 0,0400115 0,887 0,942 0,947 0,264 0,304 14,16 0,61 

AMJ -0,0000000212 0,65 0,806 0,85 0,483 0,627 23,23 0,595 AMJ 0,416551015 0,297 0,545 0,513 0,422 0,57 21,12 -0,022 

MJJ -0,0000002375 0,683 0,826 0,861 0,267 0,311 17,37 0,565 MJJ 0,39418955 0,095 0,308 0,387 0,402 0,478 22,1 0,272 

JJA -0,0000000125 0,38 0,616 0,699 0,189 0,217 23,97 0,329 JJA 0,135354265 0,014 -0,118 0,376 0,195 0,254 28,5 -0,331 

JAS -0,0000000461 0,211 0,459 0,455 0,132 0,192 16,76 0,121 JAS 0,099491383 0,189 0,434 0,434 0,18 0,191 23,79 0,165 

ASO 0,0000000417 0,096 0,31 0,262 0,231 0,326 31,95 -0,078 ASO 0,142334525 0,965 0,982 0,17 0,142 0,142 10,73 0,863 

SON -0,0000000604 0,275 0,525 0,468 0,259 0,368 28,85 0,1 SON 0,1034699 0,353 0,594 0,497 0,225 0,229 19,09 0,164 

OND -0,0000000516 0,285 0,534 0,63 0,331 0,425 30,08 0,23 OND 0,235502425 0,702 0,838 0,604 0,384 0,405 19,13 0,269 

NDJ -0,0000000975 0,02 0,142 0,315 0,645 0,885 24,24 -0,056 NDJ 0,620577875 0,968 0,984 0,507 0,621 0,624 11,41 0,301 

DJF -0,0000000708 0,081 0,284 0,441 0,724 1,011 18,45 0,106 DJF 0,66097225 0,135 0,368 0,415 0,78 0,872 25,03 0,35 

 

 

 NORTHEAST BRAZIL  -  MEAN STATISTICS 1993-2016 - TEMP  NORTHEAST BRAZIL  -  MEAN STATISTICS 2017-2020 - TEMP 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM 0,0000004933 0,379 0,615 0,763 0,355 0,433 2,351 -0,057 JFM 0,3037333 0,059 -0,244 0,388 0,532 0,578 0,995 0,444 

FMA -0,0000000750 0,303 0,551 0,715 0,396 0,473 2,687 0,467 FMA 0,6790134 0,21 0,459 0,452 0,679 0,74 0,886 0,174 

MAM -0,0000001750 0,506 0,711 0,822 0,343 0,432 2,818 0,647 MAM 0,545765675 0,839 0,916 0,614 0,546 0,579 0,654 0,57 

AMJ 0,0000003025 0,467 0,683 0,818 0,357 0,466 1,453 0,686 AMJ 0,39390675 0,416 0,645 0,622 0,394 0,489 1,199 0,433 

MJJ -0,0000000637 0,666 0,816 0,9 0,277 0,338 1,392 0,809 MJJ 0,326925825 0,007 -0,084 0,42 0,327 0,397 2,362 -0,145 

JJA 0,0000002021 0,591 0,769 0,874 0,248 0,301 1,044 0,768 JJA 0,56699555 0,811 -0,9 0,061 0,626 0,71 2,736 -1,126 

JAS -0,0000000401 0,499 0,706 0,834 0,215 0,28 2,669 0,701 JAS 0,515599815 0,343 -0,586 0,185 0,66 0,767 2,059 -0,592 

ASO -0,0000000300 0,651 0,807 0,879 0,167 0,2 4,819 0,707 ASO 0,12679085 0,177 -0,421 0,155 0,367 0,395 4,353 -0,511 

SON -0,0000000458 0,552 0,743 0,79 0,264 0,299 4,388 0,5 SON 0,063730275 0,139 0,373 0,413 0,189 0,253 4,189 0,067 

OND -0,0000000188 0,588 0,767 0,788 0,277 0,333 2,19 0,487 OND 0,095208353 0,828 0,91 0,708 0,225 0,255 1,836 0,328 

NDJ -0,0000000708 0,49 0,7 0,805 0,33 0,372 1,152 0,594 NDJ 0,235716625 0,114 0,338 0,497 0,31 0,365 1,174 0,073 

DJF -0,0000000625 0,393 0,627 0,787 0,304 0,39 1,077 0,609 DJF 0,345801675 0,037 -0,192 0,369 0,424 0,467 1,512 -0,222 
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 SOUTH BRAZIL - MEAN STATISTICS 1993-2016 - PREC  SOUTH BRAZIL - MEAN STATISTICS 2017-2020 - PREC 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM -0,0000001208 0,203 0,451 0,466 0,905 1,1 21,6 0,119 JFM 0,29140725 0,325 0,570 0,506 0,691 0,727 17,19 0,229 

FMA -0,0000001258 0,309 0,556 0,563 0,934 1,086 19,88 0,224 FMA 0,73468705 0,378 0,615 0,476 1,322 1,474 36,13 0,743 

MAM 0,0000004417 0,339 0,582 0,671 0,72 0,904 19,48 0,361 MAM -0,14174985 0,894 0,945 0,255 1,369 1,506 36,19 0,067 

AMJ 0,0000004292 0,113 0,336 0,54 0,702 0,85 21,89 0,185 AMJ -0,214009925 0,461 0,679 0,618 0,694 0,954 19,29 0,311 

MJJ -0,0000003592 0,083 0,288 0,511 0,592 0,707 24,12 0,13 MJJ -0,220199775 0,367 0,606 0,659 0,287 0,347 8,212 0,339 

JJA -0,0000001742 0,089 0,299 0,512 0,457 0,559 21,41 0,214 JJA 0,567725325 0,517 -0,719 0,289 0,653 0,859 43,16 -0,789 

JAS -0,0000002042 0,088 0,296 0,469 0,555 0,721 32,45 0,033 JAS 0,646257758 0,220 -0,469 0,383 0,646 0,846 55,52 -0,626 

ASO -0,0000002225 0,222 0,472 0,594 0,638 0,759 22,75 0,25 ASO 0,6660738 0,035 0,188 0,458 0,974 1,219 47,57 -0,271 

SON 0,0000001833 0,35 0,591 0,672 0,659 0,904 20,15 0,366 SON 0,740607925 0,270 0,520 0,471 0,952 1,228 40,63 0,008 

OND 0,0000005083 0,557 0,746 0,756 0,843 1,028 17,77 0,438 OND 0,870703625 0,593 0,770 0,531 0,871 1,048 25,48 0,283 

NDJ 0,0000001667 0,523 0,723 0,765 0,742 0,97 17,56 0,473 NDJ -0,09450625 0,245 0,495 0,575 0,51 0,639 16,67 -0,33 

DJF 0,0000006375 0,605 0,778 0,676 0,823 0,991 19,09 0,31 DJF 0,419342225 0,317 -0,563 0,233 0,856 0,878 17,03 -0,736 

 

 

 SOUTH BRAZIL  -  MEAN STATISTICS 1993-2016 - TEMP  SOUTH  BRAZIL  -  MEAN STATISTICS 2017-2020 - TEMP 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM -0,0000000083 0,0107 -0,104 0,313 0,444 0,572 3,248 -0,223 JFM 0,23615755 0,2375 0,487 0,611 0,258 0,351 2,639 0,174 

FMA -0,0000002917 0,051 0,226 0,42 0,459 0,604 3,182 0,111 FMA 0,18652895 0,3539 -0,595 0 0,504 0,527 3,574 -0,669 

MAM 0,0000000917 0,0015 0,038 0,376 0,54 0,677 9,36 -0,026 MAM -0,32385275 0,6873 -0,829 0,211 0,559 0,715 7,52 -0,957 

AMJ 0,0000003667 0,1286 0,359 0,562 0,457 0,594 13,33 0,181 AMJ -0,486372 0,1607 -0,401 0,367 0,657 0,837 10,02 -0,608 

MJJ 0,0000000896 0,0085 -0,092 0,296 0,821 1,012 11,47 -0,22 MJJ -0,515018725 0,747 0,864 0,593 0,582 0,767 7,502 0,18 

JJA 0,0000002458 0,0072 0,085 0,408 0,852 1,012 5,591 -0,055 JJA 0,23038725 0,3265 -0,571 0,16 0,988 1,274 6,59 -0,705 

JAS -0,0000003521 0,0283 0,168 0,463 0,746 0,882 7,52 0,062 JAS -0,422608075 0,2091 0,457 0,499 0,712 0,941 9,572 0,144 

ASO 0,0000000163 0,0002 0,014 0,354 0,789 0,879 13,43 -0,036 ASO -0,365084325 0,7976 0,893 0,678 0,499 0,555 15,04 0,341 

SON 0,0000000000 0,0871 0,295 0,574 0,522 0,682 14,42 0,286 SON -0,23138025 0,1933 -0,44 0,167 0,382 0,408 15 -0,455 

OND 0,0000001204 0,1943 0,441 0,673 0,446 0,535 14,8 0,408 OND -0,005600425 0,558 -0,747 0,102 0,473 0,62 14,56 -0,778 

NDJ -0,0000000550 0,1549 0,394 0,595 0,366 0,433 12,01 0,303 NDJ 0,12178745 0,0092 0,096 0,477 0,418 0,437 11,39 0,078 

DJF 0,0000004475 0,1097 0,331 0,533 0,416 0,49 7,982 0,256 DJF 0,36142165 0,3072 -0,554 0,224 0,426 0,564 6,558 -0,571 



172 

 

 

 SOUTHEASTERN SOUTH AMERICA - MEAN STATISTICS 1993-2016 - PREC  SOUTHEASTERN SOUTH AMERICA - MEAN STATISTICS 2017-2020 - PREC 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM -0,0000005262 0,0051 -0,072 0,235 0,7269 0,829 21,436 -0,184 JFM 0,54400205 0,0004 -0,021 0,1486 0,6768 0,8904 24,201 -0,199 

FMA 0,0000005875 0,1122 0,3349 0,4731 0,6192 0,7138 19,821 0,0822 FMA 0,451655725 0,0031 -0,056 0,4133 0,9777 1,1565 32,465 -0,342 

MAM -0,0000001756 0,092 0,3034 0,3931 0,6095 0,7513 20,412 0,0128 MAM 0,053404975 0,17 0,4123 0,4483 0,5086 0,6088 20,436 0,108 

AMJ -0,0000003083 0,0865 0,2942 0,3721 0,5062 0,7549 27,314 -0,01 AMJ -0,20679487 0,2309 -0,48 0,291 0,3623 0,4531 14,461 -0,216 

MJJ 0,0000000004 0,003 0,055 0,3691 0,3997 0,5511 32,156 -0,128 MJJ -0,1416806 0,615 0,7842 0,5861 0,3096 0,3399 15,397 0,2105 

JJA 0,0000000925 0,162 0,4024 0,4261 0,3514 0,4306 36,477 0,0597 JJA -0,254378025 0,0058 0,0762 0,4907 0,334 0,4263 18,765 -0,209 

JAS -0,0000000304 0,2231 0,4724 0,4825 0,3807 0,4693 33,818 0,1274 JAS -0,266609175 0,1337 0,3657 0,3566 0,852 0,9243 47,316 -0,107 

ASO -0,0000002463 0,3329 0,577 0,4123 0,5988 0,7779 24,903 0,1115 ASO -0,115884925 0,4663 0,6829 0,3574 0,4723 0,6321 16,347 0,0933 

SON -0,0000004371 0,1654 0,4067 0,447 0,6338 0,7417 19,804 0,0922 SON 0,32302819 0,4488 0,6699 0,5307 0,3392 0,4622 11,698 0,1645 

OND -0,0000002327 0,4308 0,6564 0,519 0,7458 0,8768 22,516 0,1873 OND 0,535449675 0,907 0,9524 0,5585 0,6695 0,8378 22,941 0,1294 

NDJ 0,0000000667 0,2711 0,5207 0,597 0,5276 0,6781 20,767 0,2611 NDJ 0,152625 0,5301 0,7281 0,5446 0,948 1,0302 17,828 0,1927 

DJF 0,0000154208 0,3753 0,6126 0,6378 0,4586 0,6372 18,732 0,2882 DJF 0,43254115 0,4327 0,6578 0,5066 0,8845 0,9592 20,243 0,068 

 

 

SOUTHEASTERN SOUTH AMERICA  -  MEAN STATISTICS 1993-2016 - 

TEMP  

SOUTHEASTERN SOUTH AMERICA  -  MEAN STATISTICS 2017-2020 - 

TEMP 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM 0,0000001208 0,2698 0,5194 0,6685 0,4422 0,5148 3,415 0,332 JFM 0,17622865 0,1437 0,379 0,7479 0,414 0,4646 2,51 0,081 

FMA 0,0000000154 0,1324 0,3639 0,5913 0,4986 0,635 6,241 0,365 FMA -0,345565075 0,7521 0,8673 0,6128 0,4701 0,5139 4,094 0,279 

MAM -0,0000000833 0,0331 0,182 0,4188 0,5416 0,6765 14,36 0,022 MAM -0,27205575 0,3401 0,5831 0,9423 0,3659 0,4689 12,01 0,367 

AMJ -0,0000001937 0,0283 0,1682 0,3876 0,5138 0,6722 23 -0,011 AMJ -0,29160325 0,034 -0,184 0,2985 0,4452 0,5883 19,22 -0,228 

MJJ 0,0000004583 0,0039 0,0627 0,3641 0,6376 0,848 22,81 -0,142 MJJ -0,072260325 0,0179 -0,134 0,1127 0,6451 0,6668 20,73 -0,411 

JJA 0,0000003333 0,0762 0,2761 0,4314 0,6031 0,7811 8,919 0,048 JJA 0,174926875 0,0045 0,0667 0,4049 0,6578 0,9117 10,25 -0,16 

JAS -0,0000003500 0,0518 0,2276 0,4445 0,5407 0,6386 10,149 0,040 JAS -0,10555575 0,1222 -0,35 0,1121 0,7849 0,8598 10,55 -0,453 

ASO 0,0000000167 0,0056 -0,075 0,3347 0,5782 0,7043 21,9 -0,128 ASO 0,07850675 0,8357 0,9142 0,9399 0,1679 0,1737 21,32 0,744 

SON 0,0000005446 0,0000 -0,0005 0,363 0,527 0,6532 24,52 -0,128 SON 0,40220325 0,4746 -0,689 0,36 0,4022 0,5706 21,9 -0,775 

OND -0,0000001058 0,1945 0,441 0,6022 0,4607 0,5311 23,84 0,23 OND 0,287452525 0,9975 -0,999 0,1706 0,4883 0,5353 23,84 0,23 

NDJ -0,0000000750 0,2702 0,5198 0,6246 0,4814 0,5607 19,06 0,252 NDJ 0,077831925 0,5834 0,7638 0,8316 0,1599 0,1936 18,68 0,576 

DJF 0,0000003375 0,0736 0,2714 0,4933 0,5219 0,6238 11,79 0,089 DJF 0,23479125 0,0218 -0,148 0,1453 0,5238 0,5264 10,82 -0,249 
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 NORTHERN SOUTH AMERICA- MEAN STATISTICS 1993-2016 - PREC  NORTHERN SOUTH AMERICA - MEAN STATISTICS 2017-2020 - PREC 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM -0,0000001667 0,601 0,775 0,872 0,572 0,692 12,69 0,73 JFM 1,164851 0,385 0,62 0,634 1,249 1,568 41,8 0,48 

FMA 0,0000003108 0,101 0,318 0,586 0,81 0,984 14,68 0,299 FMA 1,2517605 0,213 0,462 0,393 1,252 1,41 37,32 0,323 

MAM -0,0000008375 0,005 0,073 0,314 1,151 1,297 16,45 -0,128 MAM 1,68449205 0,015 -0,124 0,882 1,684 1,926 36,44 -0,291 

AMJ -0,0000001000 0,035 0,186 0,352 1,242 1,444 14,66 -0,088 AMJ 1,9406137 0,146 0,382 0,433 1,941 2,169 28,8 0,064 

MJJ 0,0000001937 0,051 0,225 0,295 1,202 1,42 14,02 -0,074 MJJ 1,927156225 0,631 0,794 0,403 1,927 2,01 22,11 0,304 

JJA 0,0000003125 0,163 0,403 0,543 0,985 1,182 14,24 0,181 JJA 1,88163 0,797 0,893 0,346 1,882 1,901 21,66 0,625 

JAS -0,0000000917 0,186 0,431 0,533 0,989 1,064 16,13 0,199 JAS 1,391443025 0,117 0,341 0,312 1,391 1,44 17,66 0,28 

ASO -0,0000007108 0,227 0,477 0,589 0,857 0,953 18,61 0,247 ASO 1,256006525 0,317 0,563 0,29 1,256 1,275 33,49 0,169 

SON -0,0000000242 0,295 0,544 0,6 0,771 0,868 21,61 0,274 SON 1,04205115 0,388 0,623 0,307 1,042 1,065 43,31 0,165 

OND 0,0000003125 0,428 0,655 0,755 0,517 0,63 24,58 0,466 OND 0,899321475 0,09 0,3 0,395 0,899 0,953 52,51 -0,066 

NDJ 0,0000004542 0,484 0,696 0,787 0,63 0,752 23,93 0,516 NDJ 0,70400055 0,482 0,694 0,671 0,704 0,937 42,61 0,295 

DJF -0,0000005042 0,642 0,801 0,85 0,586 0,711 12,68 0,605 DJF 1,260541 0,659 0,812 0,606 1,261 1,352 38,17 0,531 

 

 NORTHERN SOUTH AMERICA  -  MEAN STATISTICS 1993-2016 - TEMP  NORTHERN SOUTH AMERICA  -  MEAN STATISTICS 2017-2020 - TEMP 

 BIAS R² r d MAE RMSE RE KGE  BIAS R² r d MAE RMSE RE KGE 

JFM -0,0000001612 0,718 0,847 0,919 0,259 0,311 5,721 0,834 JFM -0,25466675 0,86 0,927 0,891 0,255 0,291 6,575 0,781 

FMA -0,0000003688 0,652 0,807 0,845 0,342 0,442 5,413 0,386 FMA -0,075518425 0,641 0,801 0,88 0,246 0,286 5,607 0,778 

MAM 0,0000000533 0,466 0,683 0,732 0,39 0,47 4,872 0,089 MAM 0,12548615 0,683 0,826 0,887 0,224 0,28 4,346 0,44 

AMJ -0,0000001583 0,258 0,508 0,654 0,281 0,416 4,943 0,113 AMJ 0,349731375 0,91 0,954 0,671 0,35 0,414 3,601 0,076 

MJJ 0,0000002317 0,225 0,474 0,699 0,261 0,324 5,675 0,451 MJJ 0,16479625 0,444 0,666 0,757 0,236 0,284 5,027 0,629 

JJA -0,0000001779 0,261 0,511 0,719 0,263 0,314 7,198 0,499 JJA 0,0792932 0,031 0,177 0,519 0,271 0,317 6,857 0,133 

JAS -0,0000001229 0,365 0,604 0,766 0,239 0,295 8,072 0,55 JAS 0,01236225 0,02 -0,142 0,264 0,3 0,357 7,954 -0,234 

ASO 0,0000000236 0,59 0,768 0,861 0,207 0,257 7,855 0,696 ASO 0,0626895 0,054 -0,232 0,35 0,306 0,324 7,546 -0,334 

SON -0,0000001083 0,569 0,754 0,865 0,235 0,288 6,041 0,746 SON 0,000111057 0,439 -0,663 0,146 0,255 0,34 5,978 -0,664 

OND -0,0000000663 0,465 0,682 0,819 0,253 0,336 5,065 0,663 OND 0,130081225 0,539 -0,734 0,055 0,271 0,287 4,548 -1,004 

NDJ 0,0000000492 0,472 0,687 0,821 0,28 0,371 5,106 0,682 NDJ -0,02386693 0,712 -0,844 0 0,174 0,206 5,159 -0,985 

DJF 0,0000000583 0,634 0,796 0,886 0,245 0,314 5,746 0,749 DJF -0,077215315 0,088 0,297 0,531 0,221 0,293 5,984 0,219 



174 

 

 

This section presents a tutorial demonstrating the steps for selecting and obtaining 

SEAS5 data. Initially, access the website 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/seasonal-original-single-levels?tab=form. 

There will be two sets of data labelled as “daily data”. These contain daily or sub-daily 

frequency (6h, 12h or 24h). The results of the different forecasting systems are available both 

for real-time forecasts (from 2017) and for retrospective forecasts or hindcasts (covering the 

1993-2016 period). Please note that all available individual members (ensemble members) will 

be provided in each requested set. The real-time prediction set contains surface (or single level) 

parameters, while the hindcast set contains variables at 11 pressure levels covering layers from 

925 hPa up to 10 hPa. 

First, the institution that provides the forecasting system of interest must be selected. 

 

Next, the forecast system version of interest must be selected. Each centre is assigned 

as a numerical value, and the available values are different for each forecast delivery centre. It 

should be noted that there may be more than one system available for a single forecast centre 

for a given start date. Also, the user must match the seasonal forecasts to the hindcasts of interest 

using the same system for both sets. 

 

Then the user must select the parameters of interest. 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/seasonal-original-single-levels?tab=form
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In this step, the user must select the year of the start date of the model of interest. Note 

that there may be differences in the options available depending on the selection of forecast or 

hindcasts years. In addition, the user must employ the hindcast data to obtain a more consistent 

use of the forecast data. It is emphasized again that the sets of predictions and hindcasts must 

be paired, using the same system for both sets. 

 

Next, the user must select the month of the start date of the model round of interest. 

 

The start date (day) of the model run of interest is selected. However, due to different 

production schedules, available dates may differ between forecasts and hindcasts and between 

different forecast centres. 
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Next, the user must select the lead time of interest. This lead time is the time, in hours, 

since the boot date. Note that some variables are available every 6 hours and other every 24 

hours. This information is available in the complete list of parameters in the official 

documentation and the summary table on the data collection page. Finally, it should be noted 

that the minimum time horizon for outputs is six months, but this extension may change 

depending on the forecasting centre. 

 

The user must select the area of interest, which can be a global field (comprising the 

entire available area) or a regional selection, by providing the latitude and longitude coordinates 

of the borders. 

 

The user can select the format of the data provided. Currently, C3S forecast datasets are 

only available in GRIB format. 
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Finally, the user must accept the Copernicus User License terms and conditions to 

access seasonal forecast data and hindcasts. 

 


