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“O que é, pois, a verdade? ...

... apos uma longa utilizacéo,
parecem a um povo consolidadas,
canodnicas e obrigatorias:

as verdades sdo ilusdes das quais

se esqueceu que elas assim o séo...”
(Nietzsche)

Das previsOes, 0 que é a verdade,
sendo uma referéncia?

(o autor)



Resumo

As previsdes hidroldgicas feitas em horizonte sub sazonal, definido neste estudo
como um prazo de antedecéncia maximo de 46 dias, ainda estdo em fase de pesquisa
cientifica no contexto brasileiro e sul-americano. Espera-se que essas previsdes tragam
beneficios para setores como energia hidrelétrica e aplicagdes operacionais. Neste
sentido, no presente trabalho foram realizados experimentos com o objetivo de avaliar a
qualidade e utilidade das previsdes de precipitacdo sub sazonal, originadas do Centro
Europeu de Previsdo Meteorologica de Médio Prazo (ECMWF), na bacia do rio Parana,
uma das mais importantes bacias hidrograficas da América do Sul, em termos de geracdo
de energia, contemplando a usina hidrelétrica binacional de Itaipu e mais de outras 150
grandes usinas hidrelétricas.

O Software Ensemble Verification System (EVS) foi aplicado para verificacdo
estatistica das previsfes de precipitacdo sub sazonal, atraves de métricas deterministicas
e probabilisticas, no periodo que vai dos anos de 2015 e 2016, utilizando os dados brutos
e em um formato com viés corrigido.

Também foram realizadas simulacdes de previsdes de vazdes por conjunto, em
horizonte sub sazonal, usando o modelo semi-distribuido MGB, testando os dados do
ECMWEF como entrada - resultando no desenvolvimento de um Sistema de Previsao
Hidroldgica por Conjunto (ou Hydrologic Ensemble Prediction System, H-EPS). As
previsdes de vazdo foram comparadas com as simulacdes usando como entrada a
informacdo climatoldgica, conhecida como previsdo estendida de vazdo (extended
streamflow prediction, ESP).

Este estudo € uma das primeiras avaliagfes dos dados de previsdes sub sazonais,
para fins de previsdo hidroldgica realizados no contexto da América do Sul. A avaliagédo
da precipitacdo futura permitiu a inferéncia do desempenho dessas previsdes de
precipitacdo para posterior utilizacdo em modelagem hidroldgica, além de quantificar
alguns dos erros associados aos dados.

Os resultados apontaram que, em geral, as previsdes de vazdes usando os dados
de previséo de precipitacdo sub sazonal apresentam maior previsibilidade (skill) do que
aquelas que usam informac®es histdricas, até aproximadamente 30 dias de previsdo. A
esse respeito, essas previsdes podem ser exploradas particularmente em aplicagdes como
as afluéncias em reservatorios, o controle de enchentes e secas e a evolugédo de eventos
extremos varias semanas a frente.



Abstract

The hydrological prediction done within sub-seasonal timescale, defined in this
study as a lead-time of 46 days, is still incipient in Brazilian and South American context.
It is expected that these predictions will bring benefits to sectors such as hydro-energy
for scientific research and operational applications. In this sense, it is performed
assessments aiming on evaluating the quality and usefulness of sub-seasonal precipitation
forecasts, originated from the European Centre for Medium-Range Weather Forecast
(ECMWF), in Parana River Basin, one of the most important basins in Brazil in terms of
energy generation, contemplating the bi-national Itaipt hydroelectric power plant and
more than others 150 large reservoirs plants.

The Ensemble Verification System (EVS) Software was applied to perform a
statistical verification of the sub-seasonal precipitation forecasts, through deterministic
and probabilistic metrics on the period ranging the years of 2015 and 2016, using the raw
data and in a bias corrected format.

Was also proceeded simulations of sub-seasonal streamflow forecasts using a
semi-distributed hydrological model, the MGB-IPH, using the data as input - resulting in
the development of an H-EPS. The streamflow forecasts were benchmarked against the
simulations using as input the climatological information, or the extended streamflow
prediction (ESP).

This study is one of the first evaluation of the sub-seasonal forecasts data, for
hydrologic forecasting purposes, done in Brazilian context. The assessment of the future
rainfall allows the inference of the performance of these precipitation forecasts for later
use in hydrological modeling, also quantifies some of the errors associated with the data.

It is indicated that the streamflow predictions using the sub-seasonal precipitation
forecast data presents greater predictability, or better skill, than those using historical
information until approximately lead-day 30. In this regard, these forecasts may be
explored particularly in applications such as reservoir inflow, flood and drought control
and the onset and evolution of events several weeks ahead.
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1.  Apresentacdo
1.1.  Introducéo e Justificativa

O conhecimento antecipado de variaveis hidroldgicas como a precipitacao e vazoes
afluentes constitui-se como informacdo valiosa para atender as demandas em diversos
setores socioeconémicos. O processo de previsao destas variaveis pode ser feito a partir
da modelagem numeérica, por exemplo, as previsdes quantitativas de precipitacdo
(Quantitative Precipitation Forecast - QPF), que vem sendo disseminadas em aplicacGes
cientificas e sistemas operacionais (Buizza et. al.,, 1999a; Krzysztofowicz, 2001;
Bartholmes and Todini, 2005; Cuo et. al., 2011; Fan et. al., 2014; Fan et. al., 2015c; Yuan
et. al., 2015; Bell et. al., 2017; Greuell et. al., 2018; Monhart et. al., 2019).

As previsdes sdo definidas de acordo com seu tempo maximo de antecedéncia
futura: curto, médio e longo prazo. A QPF feita em curto prazo, com horizonte de até
duas semanas, é denominada de previsdo do tempo e usualmente utilizada para prever
eventos individuais, como chuvas extremas e enchentes (e.g. Siqueira et. al., 2016). A
previsdo de longo prazo, feita em horizonte sazonal (varios meses), é denominada de
previséo do clima, na qual objetiva-se a estimativa de medias ou totais em determinado
periodo. A precisao na qual a variavel hidrologica é estimada esta relacionada ao tempo
méaximo de antecedéncia da previsdo, em que a qualidade ou o grau de confianca
tipicamente decresce com o0 aumento do periodo de antecedéncia.

Atualmente, a qualidade das previsdes de curto prazo, em relacao as de longo prazo,
apresenta uma diferenca consideravel. E reconhecido como “gap” (lacuna) a defasagem
da capacidade (ou grau de predictabilidade) dos sistemas de previsdo de longo prazo
alcancarem a qualidade dos de curto prazo (NASEM, 2016).

Durante as Ultimas décadas foram desenvolvidas previsdes de boa qualidade em
curto e longo prazo, todavia, é reconhecida a caréncia de pesquisas em previsdes que se

inserem entre estes periodos, denominadas de prazo extendido ou sub sazonal.

A previsdo sub sazonal é frequentemente considerada impraticavel, uma vez que
seu tempo maximo de antecedéncia € maior do que a previsao de curto prazo (natureza
deterministica) e menor que a de longo prazo (natureza probabilistica) — isto é, o tempo
de antecedéncia da previsdo sub sazonal é longo o suficiente para que a memoria das

condicBes hidro meteoroldgicas iniciais sejam virtualmente perdidas, ao passo que, é
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muito curto para a variabilidade de componentes do sistema terrestre que evoluem com

maior inércia, tenham forte influéncia (White et. al., 2017).

E neste contexto que desde 2015 o projeto Subseasonal-to-Seasonal (S2S),
iniciativa das entidades WWRP/THORPEEX-WCRP, fomentam uma base de dados
comprevisdes meteorologicas feitas em prazo sub sazonal, viabilizando pesquisas desta
natureza (Vitart et. al., 2017). Este projeto chegou ao fim da fase | em 2018 e apresentou
nova agenda de pesquisa para 0s préximos cinco anos, dando inicio a fase |1 em novembro
de 2018 até dezembro de 2023 (WMO, 2018). Destaca-se que, a pesquisa em previsao
sub sazonal vem sendo desenvolvida ha alguns anos, todavia, € reconhecido que a mesma
ainda se encontra em estagios incipientes, especialmente no desenvolvimento de
aplicacdes cientificas e operacionais, e de produtos finais. Dentre alguma das questdes
cientificas descritas na agenda de pesuisa, a luz dos recursos hidricos, abordam as
principais limitacGes da previsdo sub sazonal, atribuidas a insuficiente qualidade da
previsdo para atender aos usudrios finais; a necessidade de um pds-processamento
estatistico para calibrar a previsdo, ou seja, técnicas de remogao de erros sistematicos ou
vieses; a caréncia em avaliacOes de performance das previsdes em diferentes localidades;
a falta de estabilidade/persisténcia da previséo; a dificuldade na interpretacdo da previsdo

probabilistica; a falta de experiéncia nesta abordagem pela comunidade ciéntifica.

A grande variabilidade do estado e as incertezas das condigOes
hidrometeoroldgicas, requerem a utilizagdo de técnicas de previsao probabilistica, como
a previsdo por conjunto ou ensemble (Georgakakos e Krzysztofowicz, 2001) - esta
abordagem incorpora aos resultados as incertezas ou probabilidades de estados futuros.
O aproveitamento deste conceito em estimativas futuras de vaz&o, por meio da associagéo
de previsdes meteorologicas por conjunto como dados de entrada a modelagem
hidroldgica, constitui um sistema de previsdo hidrologica por conjunto (Hydrologic
Ensemble Prediction System, H-EPS; Krzysztofowicz, 2001, Cloke e Pappenberger,
2009, Pappenberger e Brown, 2013).

Portanto, esta pesquisa objetivou explorar o uso de previsdes quantitativas de
precipitacdo oriundas do banco de dados subseasonal-to-seasonal (S2S), a partir da sua
utilizacdo na modelagem hidrolégica em grande escala. Prople-se investigactes a
respeito de beneficios e dificuldades na previsdo hidroldgica por conjunto, e
particularmente em horizonte sub sazonal. Foram realizados testes estatisticos

tipicamente aplicados em previsdes por conjunto, fornecendo informacdes que ajudem a
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compreender a performance (qualidade) destas previsoes. Por fim, o modelo utilizado foi
calibrado e validado para a Bacia do Rio Parana, um dos mais importantes sistemas
hidraulicos da América do Sul, e que, no dmbito de geracdo de energia hidroelétrica e
navegacdo fluvial, é potencial beneficiaria das previsfes por conjunto em horizonte sub

sazonal.

1.2. HipOteses
No contexto apresentado, sdo abordadas nesta dissertacdo as seguintes hipoteses:

e A previsdo hidrologica em horizonte sub sazonal traz beneficios na antecipacéao
de eventos hidroldgicos, como periodos de secas e cheias, e, assim, constitui-se
em uma ferramenta para sistemas de previsao.

e A previsdo sub sazonal traz beneficios as atuais capacidades de previsao,
relevantes a agricultura, gestdo de recursos hidricos e satde publica

e A qualidade de previsdes feitas em horizonte sub sazonal apresenta vantagens em

relacdo as técnicas que utilizam séries climatoldgicas.
1.3.  Objetivos

Objetivo geral

Avaliar a qualidade e utilidade de previsdes hidrometeoroldgicas em horizonte sub

sazonal em uma grande bacia da Ameérica do Sul.

Objetivos especificos

e Desenvolver e avaliar, por meio de estatisticas, um sistema de previsdo
hidroldgica por conjunto (H-EPS) para a bacia do Rio Parana;

e Verificacdo do acréscimo a qualidade de previs6es hidrologicas sub sazonais em
relacdo as que utilizam informacdes historicas;

e Auvaliar a performance estatistica das previsdes sub sazonais de precipitacdo;

e Quantificar erros associados a previsao meteoroldgica sub sazonal.

1.4.  Organizacao do trabalho

Neste trabalho sdo abordados assuntos em torno da previsdo de variaveis
hidrometeoroldgicas, em especifico, da precipitacdo e vazdo. Nos capitulos 2 e 3, sdo

apresentados a revisao bibliografica de conceitos e as ferramentas aplicadas ao estudo.
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Foram feitos dois estudos (artigos), que compdem a metodologia e os resultados
deste trabalho, ambos realizados na bacia do Rio Parana. O primeiro destes é apresentado
no capitulo 4, no qual foi feito um estudo sobre os erros nos dados de precipitacéo,
oriundos do banco de dados S2S, em relacdo a um referencial observado. Neste estudo,
também apresenta uma investigagéo a respeito da correcéo de erros sistematicos (viéses),
na qual explorou previsdes sub sazonais feitas para tempos passados (hindcasts ou re-
forecasts).

No capitulo 5 esta a apresentacdo do desenvolvimento do sistema de previsao
hidrolégica por conjunto (H-EPS), em que foram utilizadas as previsdes sub sazonal de
precipitagcdo como dados de entrada do modelo MGB-IPH, obtendo estimativas de vazoes
como resultados. As estimativas de vazoes resultantes foram avaliadas em localidades
correspondentes a localizacdo de usinas hidroelétricas, escolhidas de modo a permitir uma
analise em diferentes regides da bacia (areas de drenagem). Também, foi feito uma
avaliacdo estatistica dos resultados, por meio de metricas comuns a verificagdo de
previsdo por conjunto e, utilizando dados histéricos de precipitacdo, fez-se uma
comparacdo da qualidade das previsdes sub sazonais em relacdo aquelas geradas pela

técnica extended streamflow prediction (ESP).

Por fim, no capitulo 6 estdo descritas as conclusfes do trabalho e apresentadas
algumas possibilidades de trabalhos futuros na pesquisa de previsdo hidroldgica em

horizonte sub sazonal, no contexto brasileiro e sul americano.

2. Reviséo bibliografica
2.1.  Previsdo de variaveis hidroldgicas

As estimativas de varidveis hidroldgicas, como a precipitacdo e vazdo, para um
determinado instante no futuro fornecem informacdes Uteis e auxiliam a tomada de
decisdo em atividades socioeconémicas. A previsdo hidrologica é definida de acordo com
o0 tempo de antecedéncia maximo que esta alcanca, ou horizonte da previsdo. Tipicamente
a acuracia (qualidade) da estimativa decresce a medida que o horizonte da previsdo
aumenta. Por outro lado, a utilidade da previsédo cresce a medida que a antecedéncia da

previsdo ¢ alongada (Lettenmaier e Wood, 1993).

A classificagdo a partir do horizonte de previsdo, de horas até duas semanas é
denominada a curto prazo, ja aquela estimativa para periodos superiores a trés meses é a

longo prazo — tipicamente associa-se a primeira a previsao do tempo e a ultima a previsao
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do clima ou sazonal (Georgakakos e Krzysztofowicz, 2001). No periodo entre o curto e
longo prazo, isto é, antecedéncia maxima maior que duas semanas e menor que trés meses

se enquadra a previsao sub sazonal, conforme figura 1 (NASEM, 2016).

Long-range

Medium-range

Short-range D

Nowcasting Climate Projection

2week  gag timescale

Prediction forecast timescale

Figura 1. Enquadramento da previsdo sub sazonal (tarja em azul) em relag8o ao seu tempo de antecedéncia maximo.

Dentre os métodos de estimativas futuras de variaveis hidroldgicas exitem 0s
modelos empiricos, que realizam ajustes de valores calculados aos observados, e estas
relagbes matematicas ndo conferem relacdo com o comportamento fisico dos processos
hidroldgicos, por exemplo segundo Pedrollo (2000) tem-se os modelos Autoregressivos
(AR), médias moveis (MA), autorregressivos de médias moveis (ARMA), redes neurais
artificiais (RNA). Os modelos que se baseiam na representacdo fisica dos processos
hidrologicos por meio de equacdes diferenciais, sdo denominados conceituais — estes
modelos geralmente possuem modulos de transformacdo da precipitacdo em vazao e
propagacao desta vazdo em trechos de rios, também, possuem classificacdo quanto a

consideracdo da variabilidade espacial dos processos.

Destacam-se entre os modelos conceituais, aqueles que se baseiam na modelagem
numérica da precipitacdo, por exemplo, os Modelos de Circulacdo Geral (GCM),
ilustrados na figura 2. Estes modelos sdo baseados em equacOes representativas dos
processos fisicos e evolugdo de fendmenos atmosféricos que compdem o sistema
climético, que pode incluir a atmosfera, a hidrosfera, a biosfera e a geosfera. Quando
acoplados aos oceanos dao origem aos Modelos Acoplados de Circulacdo Geral
(AOGCM), ou quando apenas se objetiva a simulacdo das condi¢Oes atmosfericas
(Modelos de Circulagdo da Atmosfera — AGCM). (McGuffie e Henderson-Sellers, 1997,
Chou et. al., 2000; Kalnay, 2003; Allasia, 2007; Cuo et. al., 2011; Golding, 2014) - e a
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partir destes modelos numéricos obtém-se informacdes de diversas variaveis
meteoroldgicas, incluindo a precipitagdo, originando as previsfes quantitativas de
precipitacdo (ou Quantitative Precipitation Forecast — QPF).

Em geral, estes modelos s&o resolvidos em uma grade espacial de trés dimensdes,
a latitude, longitude e altitude, e uma dimenséo temporal. E comum nestes modelos a
representacdo de processos fisicos que ocorrem em escalas pequenas, como a microfisica
das nuvens (fluxos convectivos) por meio da parametrizacdo (Kalnay, 2003). Ainda,
apresentam como desvantagem a necessidade de grande esforco computacional,
modelagem complexa e usualmente estes modelos possuem resolucéo espacial grosseira,
gue normaliza grandes areas em valores médios.

Trocas verticals
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Figura 2. Modelo de Circulacdo Global de previsdo, esquematizado em grade vertical e horizontal. Tipicamente, s&o
definidos um nimero de camadas verticais, resolugao horizontal, fluxos de energia e parametrizagGes, havendo fluxos
horizontais e verticais indicados pelas setas (Sampaio e Dias, 2014).

Ressalta-se que, em vista da escala grosseira dos Modelos de Circulacdo Global,
existem procedimentos para melhorar a resolucdo da informacdo, denominados
downscaling. Tipicamente, aplica-se o downscaling dindmico ou o estatistico: o primeiro,
exige maior custo computacional, utiliza subdominios como condicéo de contorno para
o modelo global, isto é, explora a informacdo dados observados ou mesmo modelos
climéaticos de resolucdo mais fina (modelos regionais); o segundo explora relacdes
estatisticas entre varidveis locais (por exemplo, precipitacdo) e preditores de grande
escala (por exemplo, campos de pressdo), e aplica-se estas relagcdes a saida do GCM para

estimativa das variaveis locais (Goddard et. al., 2001).
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2.2.  Previsdo a longo prazo (clima ou sazonal)

As previsdes realizadas a longo prazo, com o horizonte definido em varios meses,
baseiam-se na modelagem da variabilidade climatica ou evolugdo de fenomenos de
grande escala, denominados de modos climaticos. Em geral, os oceanos representam a
memoria do sistema, e a previsdo sazonal considera a previsibilidade do seu
comportamento, por exemplo, a Oscilacio do Atlantico Norte (NAO), o Modo Anular do
Hemisfério Sul (SAM), o El Nifio — Oscilacdo Sul (ENSO), a Oscilacdo Decadal do
Pacifico (PDO), o Dipolo do Oceano indico (DOI) e a Oscilagdo Madden-Julian (OMJ)
(NASEM, 2010; Yuan et. al., 2015; Tian et. al., 2016; NASEM, 2016; Arnal et. al., 2018).

E importante observar que, os modelos de previsio sazonais ndo sio perfeitos em
sua concepcdo, além disso, muitas das limitagdes conhecidas nas previsfes sazonais
(longo prazo ou climéticas) de precipitacdo sdo funcéo da baixa quantidade e qualidade

de dados, sobretudo nos oceanos, para inicializar os modelos de circulacao global (GCM).

Nas previsdes hidrologicas de longo prazo objetiva-se, sobretudo, o planejamento
e otimizacdo de recursos hidricos, por exemplo, na geracdo de energia elétrica e
otimizacdo de uso da &gua em reservatdrios, na alocacdo de agua para agricultura, gestao
de cheias e secas, avaliacdo da fauna e flora, qualidade da &gua, transporte e navegacao,
abastecimento de agua, entre outras atividades (Ogallo et. al., 2000; Hamlet et. al., 2002;
Neal et. al., 2002; Chiew et. al., 2003; Hsieh et. al., 2003; Changon e Vonnahme, 2003;
Olsson et. al., 2004; Nilsson et. al., 2006).

2.3.  Previsdo a curto prazo (tempo)

Quando a previsdo é realizada para um periodo futuro relativamente curto,
usualmente entre poucas horas a duas semanas, utilizam-se metodologias capazes de
prever mais acuradamente o padrdo atmosférico poucos dias do inicio do periodo até que
a natureza cadtica da atmosfera se torne fator limitante, isto €, pequenos erros (ou
interpretacdes imprecisas) do estado inicial geram grandes erros na previsao. Na figura 3

é ilustrada a relacdo entre acuracia e técnicas de previsao a curto prazo.
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Figura 3. Diagrama da acuracia de metodologias em previsdo de curto prazo em relagdo ao seu tempo de antecedéncia
maximo (adaptada de Pierce et. al., 2012).

A respeito do emprego de modelos numéricos na previsdo do tempo, estes
iniciaram-se nos anos 90 (Lin et. al., 1993), e resumidamente, estes modelos tem sua
acuracia associada a escala da forcante meteorologica associada. Segundo Pierce et. al.,
(2012) e endossado por Calheiros et. al. (2016) as previsdes numéricas do tempo
demonstram bom desempenho em previsdes de eventos convectivos de grande escada,

todavia, a previsao da convecgdo local ainda é deficiente.

A previsdo de chuva acumulada encontra dificuldades, sobretudo, devido a baixa
densidade de monitoramento do fendmeno precipitacdo, que possui como caracteristica
sua alta variabilidade espacial e temporal. Ainda neste sentido as limitagcbes de
equipamentos, como sensores remotos, devem ser consideradas, uma vez que a estimativa
destes equipamentos pode nao representar todos os tipos de chuva (por exemplo, sistemas
convectivos, estratiformes e quentes, que apresentam diferentes caracteristicas

microfisicas) (Calheiros et. al., 2016).

Tipicamente a previsao hidrologica a curto prazo € utilizada no planejamento de
acOes para minimizacao dos danos decorrentes de inundagdes, componentes de sistema
de alerta ou compde hipoteses para definicdo de diretrizes para o planejamento urbano
(Hsu et. al., 2003; Koussis et. al., 2003; Moore et. al., 2005). Estas previsdes também sédo

aplicadas no gerenciamento de reservatérios, principalmente para gestdo de conflitos dos
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usos da agua, e operacgdo de barragens com seguranca (Bravo, 2006; Bravo et. al., 2008;
Bravo et. al., 2009).

2.4. Horizonte sub sazonal como instrumento de previséo hidrolégica

O horizonte sub sazonal é usualmente definido entre duas semanas a alguns meses
(Vitart et. al., 2012; Vitart et. al., 2015; Vitart et. al., 2017). A previsao sub sazonal
frequentemente é considerada impraticavel, situada entre a previsdo do tempo (hatureza
deterministica) e a previsdo do clima (natureza probabilistica); por muitos anos foi
considerada um ‘deserto de predictabilidade’, uma vez que seu prazo de antecedéncia
maximo € longo o suficiente para que a memoria das condi¢Ges hidrometeorologicas
iniciais sejam praticamente perdidas ao longo das integragdes do modelo, e por outro lado
€ muito curto para que a evolucdo de fendmenos climéticos tenham grande influéncia na
previsédo (NASEM, 2016).

O horizonte sub sazonal, situado na ‘lacuna’ (‘gap’) entre o tempo e o clima,
pretende explorar a expertise adquirida das previsdes de curto-prazo e sazonal bem
desenvolvidas ao longo dos anos, e gerar informagdes que cumpram demandas a
aplicacbes que se beneficiem de previsfes neste horizonte.Em anos mais recentes, 0s
esforcos de pesquisadores buscam preencher a lacuna entre tempo e clima, objetivando o
desenvolvimento previsdes integradas (‘seamless prediction’) e sistemas ‘Ready-Set-Go’.
Este conceito é baseado na ideia do aproveitamento “da melhor” previsdo em cada
horizonte de tempo (Vitart et. al., 2008; Brunet et. al., 2010; Hoskins, 2013; Vitart and
Roberston, 2018; Wetterhall and Giuseppe 2018).

Embora seja a previsdao em horizonte sub sazonal seja considerada desafiadora, as
pesquisas sobre as fontes de previsibilidade como os modos climéaticos dominantes (e.g.
Oscilacdo Madden-Julian, Baldwin et. al., 2003; Waliser, 2011), um melhor
entendimento e interpretacdo das condicdes iniciais dos sistemas terrestres (e.g. memoria
inercial na umidade do solo; condigdes oceanicas; cobertura de neve; trocas de fluxo
superficie-atmosfera e oceano-atmosfera, Woolnough et. al., 2007; Sobolowski et. al.,
2010; Koster et. al., 2010), e em novas tecnologias e equipamentos, permitem que este
paradigma esteja mudando (Hoskins, 2013; Vitart et. al., 2015).

A potencial utilidade atribuida a previsédo hidroldgica sub sazonal a sazonal (S2S)
poderia beneficiar a tomada de decisdo em diversos setores, como na gestdo de recursos
hidricos (e.g. controle de enchentes e secas; Pagano et. al., 2002; Hartmann, 2005; Lemos,
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2008; O’Donnel e Colby, 2008; Shah et. al., 2017); no planejamento de operacGes na
geragdo de energia hidroelétrica (e.g. antecipando demandas, manutencdo de
reservatorios, planejamento de manobras operacionais, Robertson et. al., 2014; Foster et.
al., 2017, Turner et. al., 2017); na preparacéo para eventos de grande magnitudes (Braman
et. al., 2013; Perez et. al., 2017; Vitart e Robertson, 2018); no planejamento de navegacéo
e transporte fluvial (Meibner et. al., 2017); na producéo de safras e comercializacdo de
commodities (Hansen et. al., 2006; Breuer et. al., 2010; Mase e Prokopy 2014); na
conscientizacao antecipada de risco a sociedade (O'Connor et. al., 2005; Patt et. al., 2007;
Goddard et. al., 2010; Srinivasan et. al., 2011); a satde publica (Zhou et. al., 2004; Kuhn
et. al., 2005; Thomson et. al., 2006; Kelly-Hope e Thomson, 2008; Jancloes et. al., 2014;
Thomson et. al., 2014); entre outros (NASEM, 2016). O setor hidroelétrico pode
beneficiar-se em relacdo as premissas de volume sazonal mantido em um reservatorio,
que sdo frequentemente incorporadas ao processo de tomada de decisdo, neste sentido, a
previsdo sub sazonal pode ser usada para fazer 0s ajustes necessarios entre longo prazo e

curto prazo, a medida que informacdes adicionais sdo derivadas das previsoes.

Apesar de serem destacadas as potencialidades, a previsdo hidrologica neste
horizonte enfrenta desafios inerentes a previsao por conjunto e, em particular, ao prazo
de antecedéncia: determinacdo do valor econémico das previsfes hidrometeoroldgicas
(Wilks e Hamill, 1995; Richardson, 2000; Buizza, 2008); a falta de compreensdo e
credibilidade na avaliagéo sistematica de previsdes regionais (isto €, algumas métricas de
verificacdo ndo sdo diretamente relevante para os usuarios finais, Morss et. al., 2008); a
falta de iniciativa de atividades operacionais em adotar 0s progressos de pesquisas
(Pagano et. al., 2002; Lemos, 2008); os produtos disponiveis atualmente podem nado se
enquadrar imediatamente na estrutura de institui¢fes, o que demandaria a adequacao das
informac0des brutas para atender a disparidade entre o produto disponivel e a necessidade
final (Pagano et. al., 2002); também, destaca-se a pouca comunicacao entre os tomadores
de decisdo (usuarios finais) e a comunidade de pesquisadores da area (Lemos e
Morehouse, 2005; Suarez e Tall, 2010; Kirchoff et. al., 2013; Buontempo et. al., 2014;
Perez e Mason, 2014).

Maiores discussdes a respeito das potencialidades, beneficios, deficiéncias e
desafios sobre a previsdo sub sazonal a sazonal (S2S), podem ser vistas nas referéncias
NASEM (2010) e NASEM (2016).
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Os termos associados aos tempos de antecedéncia maximo (curto, médio e longo
prazo) evidenciam diferengas nas abordagens metodoldgicas (hipoteses) e aplicabilidades
da previsdo, conforme ilustra a Figura 4. No eixo vertical o tempo de antecedéncia (lead
time) e no eixo horizontal os niveis de tomada de decisao (decision timescales). Em seu
escopo, na cor bege, a incerteza vai sendo amplificada na medida em que o tempo de
antecedéncia aumenta. Periodos mais distantes do dia inicial da previsdo apresentam

menor confiabilidade.

Na figura 4 a cor vermelha indica aquelas previsdes a curto prazo, que vai de
minutos (nowcasting) a uma semana, em que se destacam atividades como sistemas de
alertas, monitoramento hidrolégico, previsées em tempo real, planos diarios de
navegacao, avaliacdo de disponibilidade energética (e.g. periodos com maior insolacdo
ou precipitacdo). Em verde é indicado a previsdo a longo prazo ou sazonal (seasonal),
este horizonte de previsdo fomenta a geracdo de informacGes sobre tendéncias ou
anomalias do clima, gerenciamento de produgdo agricola futura em vista de periodos
futuros desfavoraveis, na irrigagdo, manejo de 4gua em periodos de seca, planejamento
do uso de recurso hidrico, operacdo de manobras maritimas em regides recobertas por
gelo. A cor preta indica atividades a serem desenvolvidas em periodos muito longos, ou
varios horizontes a longo prazo, isto ¢, pode ser entendido como proje¢des que baseiam
o planejamento das atividades nos outros horizontes. Por fim, em azul se insere a previséo
sub sazonal (sub seasonal to seasonal, ou S2S, abrangendo o periodo de duas semanas a

alguns meses).
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Figura 4. Potenciais aplicacdes da previsdo hidrolégica em funcdo do seu horizonte de antecedéncia e incerteza
(NASEM, 2016).

Algumas destas atividades supracitadas, sdo sensiveis as variabilidades climéticas
inter sazonais. Uma boa pratica de previsdo a prazo sub sazonal pode ajudar no
desenvolvimento estratégico e otimizacdo da producdo, e reducdo de impactos em
diversas atividades econdémicas. Destaca-se a potencial redugéo na incerteza da avaliacédo
econdmica de commodities relacionadas a &gua, como por exemplo, o preco de geracao
de energia hidrelétrica (Bravo, 2010).

Pode-se argumentar que os beneficios das previsdes sub sazonais tem a
oportunidade de atender ou exceder a qualidade das atuais previsdes de curto prazo (até
duas semanas), também no escopo de mudancas climéticas as estimativas sub sazonais

permitem o desenvolvimento de sistemas de alerta antecipados para secas e cheias.
Todavia, no Brasil, 0 uso de sistemas de previsdo baseados em QPF ainda séo

incipientes, sobretudo devido a grande incerteza associada a estas previsoes.

2.5.  Previsdo por conjunto (ensemble)

A prética de previsdo predominante até algumas décadas atras era realizada
predominantemente com métodos deterministicos, isto €, a estimativa futura era feita a
partir de uma unica possivel trajetdria, ou condicao de inicializacdo da previsdo (Cloke e

Pappenberger, 2009).
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Estas previsdes deterministicas podem resultar em prognoésticos bastante distintos da
realidade, uma vez que um sistema de previsdo contém diversas incertezas, como
aproximacoes (imperfei¢cbes) nos modelos hidrologicos e meteorolégicos utilizados, ou
registros de dados observados em nameros insuficientes. Estas incertezas sdo oriundas da
natureza cadtica da atmosfera que transfere ao modelo meteoroldgico grande
sensibilidade as condigdes de inicializacdo (ou estado inicial adotado), conforme
observado inicialmente por Lorenz (1963, 1965, 1969).

A evolucdo das metodologias de previsdo numeérica demonstrou que a melhoria na
capacidade de representacdo dos fendmenos fisicos nos modelos era insuficiente para
obtencdo de previsdes consideradas boas e que era necessario a consideracdo e
quantificacdo das incertezas associadas com as observages utilizadas no estabelecimento

de condigdes iniciais da simulacdo (Buizza, 1997; Buizza et. al., 2008).

Em vista das incertezas inerentes as previsdes meteorologicas e climaticas, é praticado
nas ciéncias atmosféricas o emprego de previsdes por ensemble ou por conjunto. Nesta
abordagem sdo utilizadas diferentes parametrizagdes ou condigdes iniciais para geragéo
de cenarios equiprovaveis, em que cada cenario representa um membro do conjunto, desta

maneira, a quantificacdo das incertezas pode ser traduzida em probabilidades.

Esta abordagem busca a associagdo da incerteza com o resultado da previséo, de modo
gue permita a tomada de decisdo baseada na melhor hip6tese (ou probabilidade). A
natureza probabilistica da previsdo por ensembles, sobressai-se a previsdo tradicional
deterministica por permitir uma interpretacdo mais ampla dos resultados, sendo possivel
inferir a trajetdria mais provavel a partir da faixa de concentracdo dos membros, e o nivel
de predictabilidade pode ser verificado pelo espelhamento dos membros por exemplo.
(Krzysztofowicz, 2001).

A Figura 5 ilustra a previsao por conjunto (ensemble), em que séo realizadas multiplas
simulacBes numéricas, inicializadas com condi¢es iniciais ou mesmo utilizando modelos
(parametrizacOes) diferentes entre si. O resultado é um conjunto de trajetérias para a
varavel prevista no horizonte de antecedéncia maximo. Pode-se pensar cada membro do
conjunto (linha preta) como uma previsao deterministica iniciada com determinada

condic&o inicial e o resultado da previsédo é funcdo do conjunto de membros.
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Distribuigdo estatistica
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Figura 5. Previsdo por conjunto. Cada linha preta corresponde a uma simulagéo inicializada com diferentes condicdes
iniciais, e a analise dos resultados é em funcéo do conjunto, isto é, da distribuicdo de probabilidades.

Sdo apontados alguns beneficios associados ao uso de ensembles na previsao
hidrologica, sendo eles (Scherrer et. al., 2004; Roulin, 2007; Buizza, 2008; Olsson e
Lindstrom, 2008; McCollor e Stull 2008; Bartholomes et. al., 2009; Golding, 2009;
Dietrich et. al., 2009; Boucher et. al., 2011; Pappenberger et. al., 2011; Verkade e Wener
2011; Boucher et. al., 2012; Dale et. al., 2012; Ramos et. al., 2013):

Previsfes probabilisticas apresentam melhor desempenho que as deterministicas

em termos de estatisticas de quantificacdo de erros e metricas econémicas.

» A partir de uma previsdo bem ajustada, o uso de ensembles permite a quantificacéo

da incerteza, mensurada através do espalhamento dos membros do conjunto.

* Permitem a identificacdo de eventos extremos com maior ou menor probabilidade

de ocorréncia.

» Em vista das previsdes deterministicas, 0 uso de ensembles é mais consistente,

mensurado pelo grau de concordancia entre previsoes sucessivas.

» Auxiliam a tomada de decisdes relacionadas a operacdo de obras hidraulicas,

execucdo de planos de emergéncia, entre outros.

» Beneficia os sistemas de previsdo operacionais, aumentando a credibilidade devido

a diminuicéo de emisséo de falsos alarmes.

Em vista dos beneficios conhecidos da previsdo por conjunto em relacdo as

deterministicas o uso desta abordagem vem sendo empregado também em outras areas
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relacionadas a meteorologia, como a hidrologia. A associacdo de chuvas previstas (ou
QPF) a um modelo hidroldgico para obter-se séries futuras de vazdes constitui um tipo
de sistema de previsdo, denominado Sistema de Previsdo Hidroldgica por Cojunto (ou

Hydrologic Ensemble Prediction System, H-EPS).
2.6. H-EPS

O uso de ensembles operacionalmente na previsdo meteoroldgica é empregado
desde a década de 1990 (Buizza et. al., 1999a; Dance and Zou, 2010; Nobert et. al., 2010;
Schellekens et. al., 2011; Zappa et. al., 2011; Meller et. al., 2014; Fan et. al., 2014;
Siqueira et. al., 2016b), e 0 uso desta metodologia associado a um modelo hidrologico
que transforma a precipitacdo em vazao da origem aos sistemas de previsao hidroldgica
por conjunto (Hydrologic Ensemble Prediction System, ou H-EPS). Estes sistemas
fornecem informac®@es sobre as incertezas das previsdes das de vazdes e objetivam gerar
um conjunto de solucdes a partir dos membros que integram 0 modelo meteorologico e

para determinado horizonte de previsao.

A consideracdo das incertezas, por meio da utilizacdo de previsdes meteoroldgicas
por conjunto (ensemble) como forcantes do modelo hidrologico, tém demonstrado
beneficios quando comparadas com a previsdo deterministica - em termos de qualidade
das previsdes de vazdo resultantes, que associam o risco ao prognostico, e na formulacéo
de hipdteses que auxiliem decisbes operacionais. Estas melhorias nas previsdes
hidroldgicas utilizando a abordagem probabilistica tem motivado o desenvolvimento

destes sistemas em diversas localidades do mundo (Cloke e Pappenberger, 2009).

As fontes de incerteza em sistemas de previsdo hidrolégica sdo objeto de estudo e
aprimoramento nestes sistemas, reconhecidamente os procedimentos de parametrizagdo
e a estrutura dos modelos, o estabelecimento de condi¢es iniciais e a incerteza provinda
da natureza caotica das previsdes meteorologicas sdo as maiores fontes contribuicéo
(Krzysztofowicz, R., 2001; Pappenberger et. al., 2005; Cloke e Pappenberger, 2009; Cuo
et. al., 2011; Pappenberger et. al., 2011; Pappenberger e Brown, 2013).

A Figura 6 traz um esquema da configuracdo de um H-EPS, no qual utiliza-se como
forcante do modelo hidroldgico, as previsdes meteoroldgicas de precipitacdo, oriundas de
Modelos Acoplados de Circulagdo Geral (na porcdo superior), em que previamente a
algumas aplicacdes sdo aplicados métodos downscalling. Na porcdo a esquerda esté

ilustrado a inicializagdo do modelo hidroldgico, na qual as informagdes que caracterizam
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o0 sistema em estudo (por exemplo, bacia hidrogréafica) sdo definidas — sendo que estas
informagbes podem ser provenientes de diversas fontes: observacgdes, produtos de
sensoriamento remoto e/ou estimativas numéricas. Apds as rodadas da simulacéo
hidroldgica, tantas quantas forem os membros do conjunto (ensemble), € realizado a etapa
de pds-processamento e interpretacdo dos resultados. No contexto de operacdo de
reservatorios (geracdo de energia hidroelétrica), pode-se incluir outras etapas na
modelagem que utilizariam das saidas do modelo hidrolégico como informacdo de

entrada, para geracao de informacdes no planejamento de a¢fes operacionais.
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Figura 6. Diagrama da configuracdo de um H-EPS, contemplando etapas de pré-processamento, simulacGes
hidrolégicas por conjunto e pés-processamento. (adaptado de Yuan et. al., 2015)

A figura 7 mostra um exemplo de apresentacdo dos resultados de uma previsao
hidroldgica por conjunto de curto prazo, no contexto de controle de cheias (estimativa de
niveis). Neste exemplo, limiares (probabilidades) de niveis resultantes sdo ilustrados por
manchas de cores que, de modo geral, representam a concentragdo dos membros nos

respectivos limiares.
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10 Day River Level Probabhilities
Used to Estimate the Range of Fossible River Levels
[without ENSPOST (Experimental)]

Caurion: Official forecast may be updated after this graph is gensratad,
Far the latest official forecast, go to http://water.weather.gov/ahps

Susquehanna River at Harrisburg, PA (HARP1)
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Figura 7. Exemplo de resultado de uma previsao hidroldgica por conjunto, com horizonte de 10 dias, gerada pelo
MARFC Hydro Ensemble Forecast Service — National Weather Service (NOAA). Os limiares representam a
concentracdo dos membros do conjunto em cada faixa de valor.

Embora esta abordagem probabilistica tenha sido desenvolvida na meteorologia a
mais tempo ainda é recente o desenvolvimento de pesquisas e sistemas operacionais de
previsdo de vazao por conjunto (H-EPS). Ainda, diversos sistemas operacionais utilizam
metodologias deterministicas, e 0 processo ado¢do da previsao por conjunto exigiria

adaptacéo dos atuais sistemas (Pappenberger e Brown, 2013).

Ainda sobre os desafios acerca da previsao por conjunto, alguns autores destacaram
ao longo de suas pesquisas questdes a serem resolvidas (Schaake et. al., 2006; Cloke e
Pappenberger, 2009; Ramos et. al., 2010; Boucher, et. al., 2011; Meller, 2012; Wetterhall
et. al., 2013; Pagano et. al., 2014; Emerton et. al., 2015; Fan, 2015):

» As investigacOes da qualidade de previsdes hidroldgicas, como a vazéo, aplicando
como dado de entrada conjuntos (ensembles) de variaveis meteorologicas previstas,
como a precipitacdo, ainda sdo incipientes, em relacdo aos dominios espacial e

temporal.
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* A inclusdo de sistemas baseado em ensembles em operacdes de empreendimentos
(tomadas de decisdes) pode se tornar tortuosa, uma vez que esta abordagem requer
maior conhecimento sobre o tema, sobretudo para interpretacdo dos resultados.

* O manejo de informacdes e dados digitais disponiveis pode se tornar complexa, e
requer grande capacidade de armazenamento e processamento computacional, bem

como exige recursos humanos especializados.

» Um sistema de previsao hidrolégica por conjunto € muito mais custoso e complexo
que a previsdo deterministica, também em termos financeiros — sobretudo, o
processo de geracdo das previsdes meteorologicas (dados de entrada ao modelo
hidrolégico). Portanto o seu desenvolvimento requer o engajamento dos setores

beneficiados e a promocéo de seu uso em ambientes cientificos e académicos.

Ressalta-se que ainda é incipiente a aplicacdo destes sistemas em grandes bacias
tropicais brasileiras, como 0 caso das principais bacias que alimentam os reservatorios
hidroelétricos brasileiros. Nestas bacias as previsdes de vazBes apresentam grande
potencial para beneficiar gestdo e gerenciamento das afluéncias e persisténcia da vazao.

2.7.  Verificacao de previsdes por conjunto

O processo de verificagdo tipicamente objetiva avaliar a correspondéncia entre 0s
valores previstos (simulados) e uma referéncia, como por exemplo os valores observados.
Em um sistema de previsdo a verificagdo é Gtil para avaliacdo de aplica¢Ges singulares,
como a antecipacao de eventos para protecéo de cheias e para estimativas de volume em

longo prazo, também na analise do grau de viés das previsoes.

A verificacdo por ensemble naturalmente gera mais informagdes que as
deterministicas por considerarem as incertezas aos resultados, deste modo, deve-se
verificar a funcdo de distribuicdo (empirica ou ajustada), medidas de tendéncia central,
espelhamento do conjunto, a somatorio dos erros da distribuicdo em um certo periodo, e
probabilidades de ocorréncia de eventos. Tipicamente sdo avaliados os atributos da

qualidade da previsdo, conforme Jolliffe e Stephenson (2003) e Wilks, (2006):

« Viés (bias): desvios entre 0s valores previstos e as referéncias.
« Acuracia (accuracy): diferenca entre a previsdo e a observacgéo (ou simplesmente,

erro da previsao).
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« Correlacdo linear (correlation): medida de correlacdo entre as previsdes e
observagoes

. Destreza (skill): esta medida de desempenho é aplicada entre sistemas de previsao,
no qual mensura-se qual a destreza ou qualidade do sistema estudado em
comparacao a referéncia.

« Resolugdo (resolution): refere-se a habilidade do sistema de previsdo em atingir boa
probabilidade de previsdo em eventos diferentes, por exemplo em periodos secos e
chuvosos. Um sistema capaz de obter bom desempenho periodos distintos € tido de
boa resolucao.

. Discriminagédo (discrimination): utilizado para avaliar a capacidade de prever a
ocorréncia de um evento discreto ou dicotomo, por meio da atribuicdo de um
liminar de exedéncia (treshold).

. Agudeza (sharpness): mensura a capacidade na tendéncia de prever eventos
extremos (probabilidades extremas, ~0% ou ~100%), é dito agudo o sistema que
sugere eventos extremos com alta probabilidade, isto é, se o sistema indica

probabilidades extremas com pouca frequéncia ou alta frequéncia.

As métricas tipicamente utilizadas em sistemas de previsdo sao descritas pelo The
Joint Working Group on Forecast Verification Research do World Research Programme
(WWRP) na referéncia (<http://www.cawcr.gov.au/projects/verification/>). A Tabela 1,
apresenta as métricas com relacdo ao atributo (qualidade), nome, tipo da previsdo
(previsao unica ou probabilistica) e se 0 evento é dicotomo (ocorre ou nédo, a partir de um

limiar).

Destaca-se que além da “qualidade” da previsdo (avaliada pelas métricas dos
atributos) ha a definicdo de outras duas propriedades (Murphy, 1993; Pappenberger et.
al., 2011): a “expectativa” que se relaciona a expectativa do previsor, inserindo um fator
humano na avaliacdo da previsdo; a outra € o “valor”, associado a utilidade da previsao

em relacdo a beneficios (valores) econémicos.
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Tabela 1. Compilagao de métricas em relagdo ao atributo, tipo da previsdo e evento discreto.

Q\t/gl?;(;g Nome da Métrica [-)rrig\?is%i Evento discreto
Mean Absolute Error Deterministica Néo
Mean Square Error Deterministica Néo
Erro Root Mean Square Error Deterministica Néo
Mean Continuous Rank Probability Score (CRPS) Ensemble Néo
Brier Score Ensemble Sim
Critical Sucess Index (ou Threat Score) Ambas Sim
Viés Relative Mean Error (ou Relative Bias) Deterministica Néo
Frequency Bias Ambas Sim
Correlagio Pearson Correlation Coefficient Deterministica Néo
Spearman Rank Correlation Deterministica Néo
Mean Absolute Error Skill Score Deterministica Néo
Mean Square Error Skill Score Deterministica Néo
Destreza Mean Continuous Rank Skill Score Ensemble Néo
Brier Skill Score Ensemble Sim
Equitable Threat Score (ou Gilbert Skill Score) Ambas Sim
Mean CRPS Reliability Ensemble Néo
Brier Score Reliahility Ensemble Sim
Confianca Reliability Diagram Ensemble Sim
Rank Histogram Ensemble Sim
Success Ratio Ambas Sim
Resolugio Mean CRPS Resolution Ensemble N'éo
Brier Score Resolution Ensemble Sim
Relative Operating Characteristic Score Deterministica Sim
Discriminagéo Relative Operating Characteristic Diagram Deterministica S?m
Probability of Detection (ou Taxa de Acertos) Deterministica Sim
Probability of False Detection (ou Taxa de Alarmes Falsos) Deterministica Sim
Agudeza Forecast Frequency Histogram Ensemble Sim

3. Materiais e Métodos
31. S2S

O banco de dados Subseasonal-to-Seasonal (S2S) € um produto do projeto de
pesquisa em conjunto do World Weather Research Programee (WWRP) e World Climate
Research Programee (THORPEX-WCRP). O objetivo deste projeto é a melhoria nas
previsdes nos horizontes de previsdo entre duas semanas até trés meses, promovendo o

uso e desenvolvimento de aplicacfes nestes horizontes.
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O banco de dados é apresentado e descrito em Vitart et. al., 2017. Esta base
disponibiliza previsdes quasi tempo real desde o inicio de 2015 até dias atuais, com
tempos de antecedéncia maximo de até 60 dias, geradas por 11 centros de pesquisa:
Australian Bureau of Meteorology (BoM), China Meteorological Administration (CMA),
European Centre for Medium Range Weather Forecasts (ECMWF), Enviroment and
Climate Change Canada (ECCC), Institute of Atmospheric Sciences and Climate of the
National Research Council (CNR-ISAC), Hydrometeorological Centre of Russia
(HMCR), Japan Meteorological Agency (JMA), Korea Meteorological Administration
(KMA), Metéo-France/Centre National de Recherche Meteorologiques (CNRM),
National Centers for Environmental Prediction (NCEP), e Met Office (UKMO). Cada
modelo desenvolvido nos respectivos centros de pesquisa possui configuragdes e
parametrizacdes distintas, bem como quantidade de membros do conjunto e horizontes

de previsao.

A utilizacdo de dados do banco de dados S2S também é motivada por uma série de
estudos recentes que instigam o uso da previsdo em horizontes sub sazonal para sazonal
e que promovema melhoria da qualidade destas previsdes e viabilizacdo do uso destas
informacdes em atividades econdmicas. (e.g. Brunet et. al., 2010; Vitart et. al., 2012;
NASEM, 2016).

Para esta pesquisa foi escolhido o modelo oriundo do European Centre for Medium
Range Weather Forecasts (ECMWF), reconhecidamente produtora de previsdes de alta
qualidade. As previsdes meteoroldgicas deste centro sdo frequentemente exploradas em
estudos, por exemplo, no contexto de grandes bacias brasileiras, Fan et. al. (2015c)
utilizou previsdes de curto-médio prazo (15 dias), e demonstraram bom desempenho

como forcante do modelo hidrolégico MGB-IPH.

O modelo meteorologico ECMWEF, na versao CY43R3, é um Modelo Acoplado de
Circulagéo Geral, que integra 51 membros no conjunto, sendo um a partir de condic¢oes
iniciais ndo perturbadas (membro de controle ou referéncia deterministica). A frequéncia
de emissdo das previsdes € de duas vezes por semana (segundas e quintas, UTC 00), com
prazo de antecedéncia maximo de 46 dias. Além disso, este modelo produz um conjunto
de 11 membros de previsdo historica (re-forecast ou hindcast), com o horizonte de
previsdo correspondente & estimativa em tempo atual, iniciado no mesmo dia e més,
cobrindo os altimos 20 anos (“‘on the fly’, por exemplo, um conjunto re-forecast consiste

em 20 anos e 11 membros, resultando em um conjunto de 220 cenérios climaticos), as
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quais sdo utilizadas para calibrar as previsdes em tempo atual, ou seja, correcéo de erros
sistematicos (ECMWEF, 2017b).

Ressalta-se que a versdo do modelo mudou ao longo do tempo, e para as previsdes
em tempo atual anteriores a 14/05/2015 realiza a previsao para um horizonte de 32 dias e
51 membros no conjunto. O conjunto hindcast € composto por 5 membros e 32 dias de
horizonte (ECMWEF, 2017D).

Os dados sdo disponibilizados em escala global, com tamanho de grade variavel,
no formato NetCDF (Common Data Form). Neste estudo obteve-se com grade de 0.125°
e acumulados diarios. As previsdes podem acessadas em:

https://apps.ecmwf.int/datasets/.

3.2.  Dados de Precipitacdo Observada: MSWEP v2.1

O produto Multi-Source Weighted-Ensemble Precipitation (MSWEP) na versao 2.1
disponibiliza em formato NetCDF (Common Data Form) dados de precipitagéo para todo
globo em uma grade com resolucao de 0.1° decimais e resolugdo temporal acumulado de
3 horas, cobrindo os anos desde 1979 até 2016. Esta base de dados utiliza informacdes de
estacOes em campo, satélites e métodos de reanalise de dados e potencialmente pode ser
utilizado em modelagem hidrologica com bom desempenho (Beck et. al., 2017; Beck et.
al., 2018; Beck et. al., 2019).

Estes dados sdo validados em escala global utilizando observagdes de estacdes e

outras fontes ao redor do mundo e podem ser acessados em: http://www.gloh20.org/.

3.3.  Modelo Hidroloégico MGB-IPH

O modelo Modelo de Grandes Bacias (MGB-IPH; Collischonn et. al., 2005, 2007;
Paz et. al., 2007; Paiva et. al., 2013) é um modelo hidrolégico conceitual, semi-
distribuido que € capaz de calcular a vazao a partir da precipitacdo. Na versao aplicada
neste trabalho, a bacia hidrografica é dividida em unidades elementares sempre que haja
confluéncia entre trechos de rios ou em pontos especificos, estas unidades sdo
denominadas de minibacias. A variabilidade do tipo de solo e vegetacdo em cada
minibacia é representada por uma Unidade de Resposta Hidroldgica — URHS, ilustrado

na figura 8.

O balango de agua no solo é obtido pelo excesso da capacidade de armazenamento
de &gua no solo de acordo com uma relagdo probabilistica entre umidade do solo e area
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de solo saturado (Collischonn e Tucci, 2005). A estimativa da evapotranspiracdo €
calculada pelo método de Penman-Monteith e a interceptacdo vegetal é representada por
um reservatdrio cujo volume depende da cobertura vegetal. Os escoamentos subterraneos
e subsuperficial sdo obtidos por relacdes lineares e ndo lineares de acordo com a

quantidade de umidade do solo (Paiva, 2009).

A vazdo resultante de cada uma das unidades elementares até o curso d’agua
principal é propagada como por meio de reservatorios lineares enquanto que a propagagdo
do rio pode ser propagada utilizando o método de Muskingum-Cunge, ou ainda, em

versdes mais recentes do modelo, pelo método inercial.

Uso do solo

Tipo de solo

Figura 8. Representagdo esquematica do procedimento de combinagao de mapas de uso e tipos de solo para elaboracéo
de Unidades de Resposta Hidroldgica— URH (Collischon et. al., 2014).

Um modelo semi-distribuido como o0 MGB-IPH exige a adogdo de pardmetros, no
modelo estes se dividem em fixos e calibraveis. Segundo Collischonn e Tucci (2001), os
parametros fixos se referem a valores que podem ser medidos, como por exemplo, indice

de area foliar, albedo, resisténcia superficial e altura das arvores.

Ja os parametros calibraveis podem ser modificados em cada uma das URHSs,
incluindo aspectos como armazenamento maximo no solo, condutividade hidraulica em

meio saturado, tempo de retardo dos reservatorios, entre outros. A calibracdo dos
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parametros pode ser realizada manualmente ou, ainda, de forma automaética, a partir de

um algoritmo de otimizag&o multi-objetivo.

O ajuste dos pardmetros que permitem uma representacdo da bacia hidrografica
envolve a determinacédo dos valores para uma série representativa de precipitacéo e vazédo
conhecidas (Collischonn et. al., 2014). Este processo pode ser feito por tentativa e erro
ou utilizando alguma técnica de otimizacdo. Posterior a etapa de calibracdo, recomenda-
se a verificagcdo em que se utiliza o conjunto de parametros calibrados com outros dados
de precipitacao e vazdo, de modo que se obtenha um bom ajuste para reproduzir periodos

diferentes do utilizado na calibracéo.

O modelo MGB ja foi explorado em estudos de previsao que incluem a abordagem
de ensembles como em Meller et. al. (2012), Fan et. al. (2015c), Fan et. al. (2014),
Siqueira et. al. (2016b), entre outros.

3.4. MGB-IPH aplicado a Bacia do Rio Parana

A éarea estudada nesta dissertacdo € a Bacia do Rio Parana (BRP), dentro do
territorio brasileiro, cobrindo regides do Centro-Sul do Pais até a usina hidroelétrica
binacional de Itaipu (confluéncia do Rio Parana com o Rio Iguagu). A BRP é um dos
sistemas hidraulicos mais importantes da Ameérica do Sul, responsavel por mais de 50%

da producéo hidroelétrica do Pais (Adam et. al., 2015).

Nesta bacia, estdo concentrados mais de 150 grandes reservatorios para geracao de
energia ao longo do Rio Parana (rio principal) e seus tributarios — alguns dos mais
importantes sdo os Rios Grande, Tieté, Paranapanema e Iguacu (ANEEL, 2008). Além
do potencial hidroelétrico, alguns destes cursos d’agua constituem importantes hidrovias

brasileiras, por exemplo, o trecho Tieté-Parana.

A BRP tem uma érea total de aproximadamente 907,000.00 km2, com limites
localizados nas coordenadas 15.450 S até 26.850 S, 43.580 O até 56.110 O, conforme

mostra a figura 9.
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Figura 9. Bacia do Rio Parana (BRP), em destaque alguns dos principais cursos d’agua, relevantes a esta dissertacéo.

A Bacia do Rio Parana apresenta diferentes regimes hidrolégicos dentro de seu
grande territdrio, apresentando sazonalidade distintas em porgdes da bacia. As regides
mais ao norte tendem a apresentar clima tropical, com invernos secos e verdes chuvosos
e eventos de precipitacdo predominantemente convectivos, ao passo que, ao sul as chuvas
sdo mais regularmente distribuidas nas estacdes (Siqueira e Martins, 2018).

A coordenagdo da geragdo e transmissdo hidroelétrica é de responsabilidade do
Operador Nacional do Sistema Elétrico (ONS), usualmente a ONS utiliza previsdes de
vazdes médias diarias com horizonte de médio prazo para realizar a gestdo e
gerenciamento da geracdo de energia (ONS, 2011, 2012a, 2012b, 2014), em que se
utilizam metodologias diversas, como modelos estocasticos e modelagem fisica da bacia

conjuntamente com a utilizagéo de varidveis hidrometeorologicas previstas.

O modelo utilizado neste estudo é uma versao do modelo preparada para bacia do
Rio Parana e que vem sendo aprimorada para aplicacdes diversas (Fan et. al., 2012;
Pontes et. al., 2012; Pontes et. al., 2013; Adam et. al., 2014; Adam et. al., 2015; Colossi
et. al., 2017a; Colossi et. al., 2017b) utilizou a mesma configuracdo dos pardmetros que
(Fan et. al., 2012; Pontes et. al., 2012; Collischonn et. al., 2014).
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Na calibracdo do modelo foi utilizado o periodo de 1975 até 1995 dada a melhor
disponibilidade de dados e para verificacdo foi feita para 1995 até 2010.A Figura 10
ilustra a bacia do Parana discretizada em 1424 minibacias e um mapa de Unidade de
Resposta Hidroldgica, demais defini¢bes e configuracdo do modelo MGB-I1PH aplicado

nos estudos que compdem esta dissertacdo séo descritos em Collischonn et. al. (2014).
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Figura 10. a) Discretizacdo em 1424 minibacias e seu respectivo trecho de rio associado. b) As URHs que compdem a
bacia.

Esta regido hidrogréfica ainda é carente em estudos de previsdo hidroldgica a
médio-longo prazo (horizonte subsazonal), sobretudo por ensembles (abordagem
probabilistica) e este tipo de estudo pode trazer beneficios ao gerenciamento e operagédo

de diversos empreendimentos instalados na regiao.
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4, Evaluation of Sub seasonal to Seasonal (S2S) Precipitation
Forecasts for Hydrologic Forecasting Purposes Within Parana River
Basin — Brazil.

Este capitulo aborda sobre a previsdo numeérica de precipitacdo por conjunto, em
horizonte sub sazonal. Em vista da crescente utilizacdo destas previsdes numéricas em
modelagem hidrologica (por exemplo, de vazbes), este trabalho € instigado pela
investigacdo dos erros associados a estes dados e suas potencialidades em aplicacOes
futuras. Pode-se explorar a utilizag&o dos dados real-time (previsdo em tempo atual), bem
como as previsOes feitas para o passado, hindcasts ou re-forecasts — estas ultimas

aplicadas para correcdo de erros sistematicos do modelo meteoroldgico utilizado.

E apresentado inicialmente uma revisio bibliografica a respeito da previsdo
numérica do tempo por conjunto, e em especifico no horizonte sub sazonal, que por
muitos anos foi considerado impraticavel. Percebe-se que, a previsado neste horizonte esta
adquirindo maior relevancia na previsdao numérica e sendo viabilizada, sobretudo, pelo
empenho em pesquisas sobre as fontes de predictabilidade (modos climaticos) que mais
influenciam a evolugdo de fendmenos neste horizonte; a melhor representacdo dos
fendmenos e interacbes atmosfera-troposfera em modelos globais; evolugdo de
dispositivos e equipamentos que permitem um melhor monitoramento hidro
meteoroldgico dos sistemas terrestres. Ainda sdo revisadas a literatura de aplica¢fes que
se beneficiariam destas previsdes, bem como as caréncias existentes na pratica atual da

previsdo sub sazonal por conjunto.

No desenvolvimento do trabalho € realizado um estudo em que se utilizou dados de
previséo sub sazonal por conjunto, gerados pelo centro de pesquisa European Centre for
Medium-Range Weather Forecasts (ECMWF), disponiveis no banco de dados mantido
pelo projeto subseasonal-to-seasonal (S2S). Nesta aplicacdo utilizou-se a estrutura de
modelagem hidrologica semi-distribuida do Modelo de Grandes Bacias (MGB-IPH).
Nesta abordagem, subdividiu-se a bacia de estudo em unidades, as minibacias, nas quais
a coordenada do centroide foi utilizada para interpolacdo dos dados da previsdo
meteoroldgica e geracdo das séries de precipitagdo pontuais. Ainda, pode-se explorar as
metodologias do mapeamento quantil e erro medio para remocao de erros sistematicos
(viés) destes dados. Os resultados dao indicativa dos erros associados aos dados brutos, e

apos a correcdo de vieses, para aplicagdes hidroldgicas.

37



Este capitulo apresenta-se na forma de um artigo cientifico, escrito em lingua
inglesa e submetido na Revista Brasileira de Meteorologia (RBmet) e ainda se encontra

em processo de reviséo.

Abstract

The sub seasonal timescale is nowadays considered a predictability desert in hydrological
forecasting systems, although it is still a potential tool to be employed in many
applications, for both scientific and operational purposes. More recently, the community
of forecasters is engaged towards devising a seamless prediction system, encompassing
projections within sub seasonal lead times as well. In this study, assessments aimed
towards gauging the quality and usefulness of sub seasonal precipitation forecast for
further hydrologic forecasting purposes are performed. The case study is conducted
within the Parana River Basin (PRB) — one of the most important hydroelectric producing
regions in Brazil. The sub seasonal forecast data were evaluated in a raw format and in
an unbiased format, by using the quantile mapping technique and the mean error method.
Resulting in the evaluation of sub seasonal forecasting and demonstrating the added value
that the bias correction step can have within the studied basin.

4.1. Introduction

Precipitation plays a key role in the hydrologic cycle, and it is considered one of
the most difficult variables to forecast. Over the last few decades, the use of quantitative
precipitation forecasts (QPF), which originated from numerical weather prediction
(NWP), through both scientific and operational purposes, has increased (Buizza et. al.,
1999a; Krzysztofowicz, 2001; Cuo et. al., 2011; Fan et. al., 2014; Fan et. al., 2015c).

Along with the development of improved environmental monitoring and
technologies (i.e. increased spatial and temporal resolution, resulting in more accurate
forecasts), opportunities have been created to advance the coupling of QPFs to forecasting
operations, such as streamflow predictions (Bartholmes and Todini, 2005; Fan et. al.,
2015c¢; Yuan et. al., 2015; Bell et. al., 2017; Greuell et. al., 2018).

The ensemble prediction technique is employed to overcome some restraints placed
around traditional deterministic quantitative precipitation forecast, which is primarily
associated with the uncertainties and errors of the incapability to correctly (or sufficiently)
know and appropriately represent the initial hydro-meteorological conditions, climate
drivers and the structure of numerical models (Krysztofowicz, 2001, 1998; Buizza et. al.,
1999a; Hamil et. al. 2008; Lettenmaier, 2008, Buizza and Leutbecher, 2015). This
approach allows for the evaluation of a range of future atmosphere states, and, since the

early 90’s, has become the conventional way to assess the uncertainties in various
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forecasting operations (Buizza, 2008; Cloke and Pappenberger, 2009; Fan et. al., 2015a;
Fan et. al., 2015b). Ensemble forecasting is commonly used at many operational weather
prediction facilities such as, for example, the European Centre for Medium-Range
Weather Forecasts (ECMWEF — Europe) and the Centro de Previsdo de Tempo e Estudos
Climaticos (CPTEC - Brazil).

An ensemble prediction system may represent the uncertainties that arise from
inaccuracies in the forecast model, by engaging each individual element, assessing the
effect of random errors (Palmer et. al. 2007; ECMWEF, 2017a). However, the models can
still be contaminated by systematic errors, or biases, that affect the entire ensemble.
Therefore, post processing of one’s QPFs constitutes an important step in previously
operational or scientific use of the forecast (Buontempo et. al. 2014; Cui et. al. 2011,
ECMWF 2017a).

Over the past decades some progress has been made in short and medium-range
forecasts, up to two weeks, which is also called weather prediction. Likewise, seasonal-
range predictability (long-term, or climate prediction), ranging from one to several
months, primarily aims to predict the averages over the target period, which are more
related to slowly evolving components of the climate system, such as sea surface
temperature and soil moisture. Moreover, it includes, as predictability drivers, large-scale
climate patterns such as El Nifio-Southern Oscillation (ENSO), the North Atlantic
Oscillation (NAO), the Pacific-North American pattern (PNA), the Southern Annular
Mode (SAM), and the Indian Ocean Dipole (I0OD) (Yuan et. al., 2015; Tian et. al. 2016;
Arnal et. al. 2017; NASEM, 2010; NASEM, 2016).

In more recent years, the forecasting research community’s endeavors are seeking
to ‘bridge the gap’ between weather and climate, moving toward to a ‘seamless’
prediction and development of ‘Ready-Set-Go’ systems (Vitart et. al. 2008; Brunet et. al.
2010; Hoskins, 2013; Vitart and Roberston, 2018; Wetterhall and Giuseppe 2018). The
prediction time-frame within the *gap’ (over two weeks and less than a few months), is
also called as sub seasonal to seasonal forecast. Its main objectives are to include the well-
established expertise of weather and climate researchers along with fulfilling the demands
for applications that fall within that time range (Vitart et. al. 2012; Vitart et. al. 2015;
Vitart et. al. 2017).

The sub seasonal time range is often considered challenging: it is situated between
the weather (deterministic predictable or initial condition problem) and climate
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(probabilistic predictability from slowly varying conditions); for many years, it has been
referred to as a ‘predictability desert’. Once the lead time is long enough that the memory
of initial hydro-meteorological conditions is virtually lost, where it is too short for the
variability of slowly evolving components of the earth system have a strong influence
(Vitart et. al. 2017). Although, the researches on sources of sub seasonal predictability
such as the dominants climate drivers (e.g. Madden-Julian Oscillation, Baldwin et. al.,
2003; Waliser, 2011), better acknowledgment of earth systems initial conditions (e.g.
Inertial memory in soil moisture; Snow cover; Ocean-Atmosphere flux exchanges,
Woolnough et. al., 2007; Koster et. al., 2010; Sobolowski et. al., 2010) and technologies,
are allowing this paradigm to change (Hoskins, 2013; Vitart et. al. 2015).

The potential usefulness attributed to hydrological sub seasonal to seasonal (S2S)
prediction could support decision-making across many sectors, as in water supply
management (e.g. flood and drought control, Pagano et. al., 2002; Hartmann, 2005;
Lemos 2008; O’Donnell and Colby, 2008; Shah et. al., 2017), hydropower operations
scheduling (e.g. anticipating demands, reservoir maintenance, water trading and hedging,
Robertson et. al., 2014; Fan et. al., 2015c; Foster et. al., 2017; Turner et. al., 2017),
preparation for high-intensity events (Braman et. al., 2013; Perez et. al., 2017; Vitart and
Robertson, 2018), shipping and navigation planning (Meibner et. al., 2017), crop
production and commodity trading (Hansen et. al., 2006; Breuer et. al., 2010; Mase and
Prokopy 2012), societal hazard awareness (O’Connor et. al., 2005; Patt et. al., 2007;
Goddard et. al., 2010; Srinivasan et. al., 2011), public health (Zhou et. al., 2004; Kuhn
et. al., 2005; Thomson et. al., 2006; Kelly-Hope and Thomson, 2008; Jancloes et. al.,
2014; Thomson et. al., 2014;), among others (NASEM, 2016). Especially in the
hydropower sector, assumptions of seasonal long-term volume held in a reservoir is often
incorporated into the early decision-making process, in which context the sub seasonal
forecast can be used to draw the necessary adjustments between long-term and short-term
planning, as well as additional information becomes available (NASEM 2016).

Although the potential possibilities are highlighted, prediction on this sub seasonal
time range faces inherent challenges: determining the economic value of weather and
climate forecasts (Wilks and Hamill, 1995; Richardson, 2000; Buizza, 2008); the lack of
understanding and systematic credibility in the evaluation of regional forecasts (i.e.
verification metrics are often not directly relevant to users, Morss et. al., 2008); shaping

the willingness to adopt research progress into operational activities (Pagano et. al., 2002;
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Lemos 2008); currently available products may not fit immediately into an institutional
framework, including the need for customization of ‘raw’ forecasted information to fulfill
mismatches between available products and the actual need of end users (Pagano et. al.,
2002); it is also worth pointing out very few communication pathways between decision
makers (end-users) and the community of forecasters (Lemos and Morehouse, 2005;
Suarez and Tall, 2010; Kirchhoff et. al., 2013; Buontempo et. al., 2014; Perez and Mason,
2014). One can find more information on sub seasonal to seasonal prediction in NASEM
(2010) and NASEM (2016).

This study aims primarily to investigate the potential quality and usefulness of sub
seasonal time-range QPFs, defined in this work as a forecast horizon of 46 days, for future
hydrological forecasting in Brazilian territory. The tested data were originated from the
European Centre for Medium-Range Weather Forecasts (ECMWF), embedded in the S2S
(Sub seasonal to Seasonal) project context (Vitart et. al. 2017). Additionally, this study
was conducted within the Parané River watershed, where the Itaipu hydropower plant is
located, one of the most important regions for hydroelectricity production in Brazil, which
could potentially benefit from an ensemble forecasting system to complement the

operational prediction chain.
4.2.  Materials and Methods

4.2.1. Study Area

The Parana River basin is one of the most important hydraulic systems in all of
South America. In Brazilian territory, it covers regions from South-Central Brazil to the
Itaipu hydropower dam, denoted Parana River Basin (PRB), shown in Figure 1. The PRB
is responsible for more than 50% of Brazilian hydroelectric production, concentrating in
the Parand River and main tributaries (Grande, Paranaiba, Tieté, Paranapanema and

Iguacu) more than 150 large reservoir plants for power generation (ANEEL 2008).

The PRB has a total area of approximately 907,000 km?, situated at coordinates
15.450 St026.850 S, 43.580 W t0 56.110 W. The PRB covers a large area which presents
distinct hydrological regimes. The variation of precipitation in the basin is related to the
action of air masses over Brazil and presents a seasonal character. In the far north, rainfall
is tropical and convective, while in the extreme south it is convective and frontal. The

region at the northern end of the basin is characterized by the tropical climate, with dry
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winters and rainy summers; while in the southern end it presents regular rainfall, more

well-distributed over the seasons (Siqueira and Martins, 2018).
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Figure 1. Location of the Parana River Basin (PRB)

4.2.2. Data

The QPF was provided by the ECMWF CY43R3 model, including the real-time
forecasts for 2015 and 2016. In its latest version, the model is based on a global coupled
ocean-atmosphere integration of 51 ensemble members, one starting from initial
undisturbed conditions (control member) and 50 are disturbed with small perturbations
of small amplitude, it runs twice a week (Monday and Thursday, UTC 00) up to day 46
(ECMWEF, 2017b). The forecasts used in this study were acquired with 0.125° grid

resolution and accumulated daily.

In addition, the model produced twice a week, an ensemble of 11 member historical
re-forecast (or hindcast), 46-day lead-time, starting at the same day and month as the real-
time, covering the past 20 years (‘on the fly’, for instance, one hindcast set consist in 20
years and 11 members, resulting in a 220-climate scenarios ensemble), which are used to

calibrate the real-time forecasts (i.e. systematic errors correction).
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One may note that the model version changed over time and for the real time
forecasts before 14/05/2015 model runs for a 32-day lead-time and 51-member ensemble,
as for the hindcasts, the ensemble consists of 5-members, and 32-day lead-time. More
detailed information about this model can be found in ECMWF (2017b).

The S2S data can be accessed on https://apps.ecmwf.int/datasets/.

The QPF were evaluated with the Multi Source Weighted Ensemble Precipitation
(MSWEP v2.1) as the observed benchmark, this global dataset covers the years from 1979
to 2016 with a 3-hourly temporal and 0.10 spatial resolution (Beck et. al., 2017a; Beck
et. al., 2017b). The use of a gridded precipitation dataset has advantages over local in-
situ gauges, by using complementary information acquired through gauges, satellite and
reanalysis data, providing estimates for large areas (even the entire globe) and for long

temporal availability.

4.2.3. Data Processing

Given the fact that the objective of this study is to verify the QPF for hydrologic
forecasting, it was carried out by following a distributed hydrologic model framework,
driven by the precipitation forecast on daily timesteps (Yuan et. al., 2015; Fan et. al.,
2014; Tucci et. al., 2003; Collischonn et. al., 2005a, 2005b, 2007).

The main river basin is discretized into 1424 unit catchments (i.e. elemental areas
based on drainage area and stream confluences, Siqueira et. al., 2016), displayed in Figure
2, areas ranging in 108.07 km? to 1100.43 km?, in which the centroid coordinate of each
of these was used to interpolate representative precipitation series from the gridded S2S
data, by taking the nearest QPF grid pixel from the centroid coordinate as its value. The
same interpolation had to be done for the MSWEP dataset (observed benchmark), since

this dataset was accumulated in daily timestep increments at each centroid.
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Figure 2. Discretization of the PRB into 1424 unit catchments. The grid corresponds the S2S data over the unit

catchments.

4.2.4. Bias Correction

A statistical post-processing of the precipitation forecast was carried out to
overcome systematic errors, thusly achieving qualitatively or skillfully enhanced

predictions (Thembel et. al., 2011).

Quantile Mapping (QM)

One method used to adjust the bias of the QPF model to the observations, was the
application of the quantile mapping technique at point-wise locations (centroids). This
technique is based on the empirical transformation of Panofsky and Brier (1968), often
considered to be the best execution of bias correction methods and has been applied to
hydro-meteorological studies (Xu, 1999; Wood et. al., 2002; Hay and Clark, 2003; Boe
et. al.,, 2007; Das et. al., 2008; Maraun et. al., 2010; Piani et. al., 2010; Bardossy e
Pegram, 2011; Kallache et. al., 2011; Themebl et. al., 2011; Berg et. al., 2012;
Teutschbein and Seibert, 2012; Gudmundsson et. al., 2012; Maraun, 2013; Fan et. al.,
2014; Cannon et. al., 2015; Reiter et. al., 2015, 2017).

Quantile mapping technique performs a transformation on the cumulative

distributive function of simulated precipitation as it is adjusted to match the cumulative
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distributive function of the observations. A correction function can be used, so that the
probability associated with each future rainfall forecast (i.e. raw or forecast) is identified
from the cumulative distribution function within the data of past simulations, then, the
bias corrected value is obtained by corresponding to the same probability in the
cumulative distribution function of climatological observations, demonstrated in equation
1.

XOM = eCDFL ( eCDFyp (XT)) @

Where: XM is the quantile-mapped rainfall value; X™" is the biased forecast;
eCDF1 is the inverse eCDF, a data quantile.

Also, it is worth pointing out that this technique may require some caution when
applied in a nonstationary context, as it assumes a stationary bias form (e.g. not verified
in analysis of future climates, Kallache et. al., 2011). As a historical re-forecast (hindcast)
was used from same model version of real-time forecast to construct the cumulative
curves of simulations, we consider the bias as having the same structure as its

climatology.

The calibration period to generate the climatological empirical or non-parametric
Cumulative Distribution Functions (eCDF; Wilks, 2006), covers past 20-year climatology
of dates associated with the forecast lead times (same dates as the historical re-forecasts).
In case that some future precipitation value exceeds the range of the correction function,
if it is greater than the largest value in hindcasts, a constant mapping is applied: the bias
corrected value is then equal to the greatest rainfall in observed climatology. A wet
threshold for all data of 1 mm/day was defined, this procedure also ensures a correction
to drizzles. Figure 3 shows an example of samples eCDF curves and depicts the correction

methods.
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Mean Error (ME)

A second bias correction method was applied using the estimated average bias
over the historical past forecasts, hindcasts, similar to Cui et. al. 2011, but assigning the
same weight to all data, from now on identified as ME. The bias was estimated for each
date associated with lead time t, each unit catchment centroid i and defined as the
difference between the observation and re-forecast, averaged over the past 20 years of
real time simulation, following equation 2.

The averaged bias over the trained period, that corresponds to the 20 years of past
forecasts is then applied as a correction group to the current forecast at each unit
catchment centroid and lead time, the forecast value was estimated following equation 3:

. 1
bias,;y = —XiL; 0bs(yi) — refest (2)

fCSt(t'i)Corr = fCSt(t'i) - bias(t,i) (3)

Where: bias(t,i) is the estimated bias on centroid i and lead time t, averaged over n
= 20 years; obs(t,i) is the observation value; refcst(t,i) is the past forecast or hindcast;

fest(t,i) is the raw forecast and fcst(t,i)corr is the mean error bias corrected forecast.
4.2.5.Verification Metrics

Statistical verification of S2S forecast quality was considering the area-weighted
mean precipitation (observed, raw and bias corrected) for the entire PRB basin, over the
verification years, following equation 4. This way, one may quantify the model
performance considering one single time series representing the total basin precipitation,
that could be used as input for lumped hydrological model. Although, as mentioned
before, the bias correction methods were applied following a distributed model
framework, on that matter, this may cause shortcomings on the performance metrics of
the bias corrected series (e.g. Maraun (2013) points out that for lumped models is
recommended performing the correction directly on total precipitation, instead of point-

wise series and averaging back to the total).

X1 Ai*P;
Pprp = %;11 A; (4)

Where: PPRB is the area-weighted precipitation; Ai is the area of the unit catchment

I; Pi is the precipitation series of the unit catchment i; n is the number of unit catchments.
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Following on, using all available real-time forecasts over verification period (N =
209), at each timestep (t), considering the mean of all 51-ensemble members, the forecasts
were evaluated by the Mean Absolute Error (MAE, equation 3) and the Root Mean
Squared Error (RMSE, equation 4), against the observed benchmark. The MAE gives the
same weight to all errors, measuring the average magnitude of errors at each time step.
Meanwhile, the RMSE as a quadratic scoring rule penalizes larger errors, measuring the
variability of the error magnitudes. Both metrics are commonly employed in model
evaluation studies and provides different insights on model errors, therefore, a
combination of metrics is recommended to assess model performance (Chai and Draxler,
2014).

3 |PprB;  — PPrB,
®
MAE, = “; (5)
2
Zy(PPRBf — Pprg, )
RMSE ¢, = j O (6)

The descriptive statistics of monthly 2-year climatology calculated over the
verification years for each dataset, is based on the total representative precipitation series
(PRB), which is also tabulated. Considering the ensemble mean value of the precipitation
series, all daily rainfall within each month was used in the computation of the statistics.
Thus, this data can be used to visualize the behavior of precipitative phenomena over the
year, allowing to identify wet and dry seasons across the basin. One may also be able to

compare the precipitations datasets with the temporal structure over the months.

Furthermore, the assessment of precipitation datasets at each point (unit catchments
centroids) was performed through visual analysis on seasonal fields of accumulated
precipitation. These fields were generated considering wet and dry seasons, which in this
study are defined as the period between October and March for the first, and April and
September for the last, averaged over the verification years. Using the punctual
(centroids) precipitation series (observed, raw and bias corrected), one may calculate the
seasonal average accumulated total precipitation at each location, and afterwards, an
interpolation with spatialization of the punctual data. This subjective analysis allows for
an evaluation of the S2S forecasts against the observed benchmark on a spatialized basis.
It also provides insight into the quantile-mapping method, since it potentially matches the

forecast distribution with the long-range observed climatology.
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Finally, the evaluation of ensemble performance was executed through the Mean
Continuous Ranked Probability (Mean CRPS) Score and the Mean Brier Score (BS).

The Mean CRPS summarizes the quality of one ensemble prediction into a single
value. Itis obtained by measuring the integrated square difference between the cumulative
distribution function (CDF) of the forecast value and the corresponding CDF of the
observed (equation 5), where lower values correspond to optimal results. The average
across multiple pairs of forecast and observation leads to the mean CRPS.

The numerical value of this score is not directly interpretable as a measure of error,

but it can be used as comparative across ensemble and/or deterministic forecasts.

0 2
[ »n f—oo CDF(f )~ 1{fzo¢}) df
CRPS,) = i - ) (7)

The brier score is a measure of the average square error of a probability forecast
that accounts for the distribution of the ensemble, analogous to the mean squared error of
a deterministic forecast but in probabilistic terms. This score measures the error with

which a discrete event, such as a given threshold, is predicted.

It is computed by the difference between the probability that a threshold is
predicted, considering equiprobability of ensemble members, and the observed outcome,
which is calculated as a step function, according to equation 6. The optimal result of the
score, which always predicts the occurrence or nonoccurrence of a given threshold, is
equal to zero.

_ IN(FL(TS)-1{TS20})?

BS = - (8)

4.3. Results and Discussion
4.3.1. Accumulated Precipitation Fields

Figure 4 displays the accumulated precipitation fields on wet (a) and dry (b)
seasons. A comparison between the raw S2S data and the observed benchmark suggest
that the ECMWF model may not appropriately represent the rainfall variability within the
basin. Especially in regard to the wet season, it tends to overestimate the precipitation. In
addition, the figure indicates that the forecast model slightly overestimated downstream

regions on dry season.
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This assessment enabled an overall verification, on a spatial basis, of the applied
bias correction methods. Since the bias corrected accumulated fields displayed more
cohesion to the observed fields, it might have been able to correct some variability and

magnitudes of precipitation within the study basin at unit catchment centroid locations.

Consequently, these methods seem to be a suitable way of overcoming some
constraints in using the S2S data for hydrological studies, hence improving its potential
usefulness for future streamflow forecasting on seasonal time-scales (i.e. more interest on
mean values). However, the quantile map method has some limitations (Boé et. al., 2007),
such as the temporal self-correlation properties of the S2S series which are not bias
corrected. For instance, an overly brief wet spell (period of consecutive days on which
the precipitation exceeds a certain amount) or rainfall inter-arrival time in the global
model may still exist after the correction. Also, it is indicated that the bias on precipitation

may not be unbiased in other variables (e.g. temperature).

Another aspect of the correction methods applied is that we do not perform a
separate correction of wet-day frequency (e.g. Schmidli et. al., 2006, 2007; Themebl et.
al., 2011).
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Figure 4. Seasonal averaged total precipitation fields, ranging the years of 2015 and 2016. a) Wet Season (October to
to March). b) Dry Season (April to September). The first illustration of the basin is the observed dataset, following the
raw (without bias correction), the quantile map (QM) and mean error (ME) datasets.

4.3.2. Deterministic Metrics

The descriptive statistics of the entire basin average (PPRB) climatology are shown
in tables 1 to 4 for each precipitation dataset. The mean standard deviation (STD) of both
raw and bias corrected S2S data suggests little variation in daily rainfall values, which
may not represent the observed precipitation that presented larger variability in almost
every other month.

For some applications it is valuable to know the dry days’ (i.e. precipitation less
than 1 mm) frequency over a month. The tables show that the S2S raw model heavily
underestimates the number of dry days (NDD). This can be attributed to the averaging
procedures (e.g. area-weighting, and ensemble mean), to the overly brief wet-threshold
applied, or even the S2S model itself. Though a more robust correction method might be

able to improve this matter.
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As for monthly mean total precipitation volumes, the bias correction seems to

adjust the forecast values to observations more accordingly, reflecting on more accurate

mean annual precipitation.

Table 1. Monthly Climatology for the Observed Dataset.

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
MIN 0 0 0 0 0 0 0 0 0 0 0 0
MAX 22 16 18 25 22 10 16 18 27 17 28 18
MEDIAN 5 6 5 0 1 0 0 0 0 2 5 5
MED 6 7 5 2 3 1 2 2 2 4 6 6
STD 6 4 4 4 5 2 4 3 5 5 6 4
NDD* 5% 2% 8% 57% 44% 70% 63% 73% 68% 35% 8% 2%
VOL 200 192 168 59 108 38 63 47 74 132 188 198
Calculated 2-year Mean Annual Precipitation = 1466.2 mm
* Dry Days (< 1.0 mm)*100 / Total number of days on specified month
Table 2. Monthly Climatology for the Raw Dataset.

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
MIN 0 14 0 0 0 0 0 0 0 0 0 11
MAX 20 23 19 16 17 13 12 15 25 17 22 18
MEDIAN 8 7 6 3 2 2 1 1 3 5 6 7
MED 8 7 6 3 3 2 1 1 3 5 7 8
STD 2 2 2 2 2 2 2 2 2 2 2 2
NDD* 0% 0% 0% 10% 8% 27% 40% 45% 12% 4% 0% 0%
VOL 245 213 184 93 87 54 45 36 82 150 196 238
Calculated 2-year Mean Annual Precipitation = 1628.7 mm
* Dry Days (< 1.0 mm)*100 / Total number of days on specified month
Table 3. Monthly Climatology for the bias corrected Quantile Map Dataset.

JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
MIN 0 0 0 0 0 0 0 0 0 0 0 0
MAX 21 24 23 16 17 14 12 17 25 18 24 17
MEDIAN 7 6 5 2 2 1 1 1 3 4 5 6
MED 7 6 5 2 3 2 1 1 3 4 5 6
STD 2 2 2 2 2 2 2 2 2 2 2 2
NDD* 1% 1% 1% 14% 11% 32% 41% 47% 17% 6% 1% 0%
VOL 211 182 156 74 78 48 43 35 76 129 165 195
Calculated 2-year Mean Annual Precipitation = 1399.3 mm
* Dry Days (< 1.0 mm)*100 / Total number of days on specified month
Table 4. Monthly Climatology for the bias corrected Mean Error Dataset.

JAN FEB MAR  APR  MAY  JUN JuL AUG SEP OCT  NOV DEC
MIN 0 0 0 0 0 0 0 0 0 0 0 0
MAX 20 21 18 15 17 13 13 14 22 17 22 18
MEDIAN 6 6 5 2 2 1 1 1 1 4 5 6
MED 7 6 5 3 3 2 2 2 2 4 5 6
STD 2 2 2 2 2 2 2 1 2 2 3 2
NDD* 2% 1% 1% 10% 12% 33% 33% 50% 20% 5% 2% 1%
VOL 205 187 163 80 85 51 43 34 66 122 164 202

Calculated 2-year Mean Annual Precipitation = 1404 mm
* Dry Days (< 1.0 mm)*100 / Total number of days on specified month

Although this statistical description of the datasets may give insight for the

inference of the onset of seasons or anticipating mean sub seasonal (monthly) totals,

further analyses on point-wise precipitation series, or even splitting the whole basin into

smaller regions that share some hydrologic similarity (e.g. Themebl et. al., 2011), may be

necessary to obtain less misleading results.

Figures 5 and 6 show a typical evolution of future precipitation forecast ensemble

mean uncertainty for the whole basin series. Within which the inaccuracies tend to
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become larger as the lead time further advances in time. Both raw and bias corrected
datasets have virtually the same RMSE, or error variability, and it is also seen as a slight
improvement on MAE for the QM bias corrected data. It is also demonstrated that the
errors in the raw control member are higher than the ensemble mean from initial

timesteps. This observation can be extended to the other datasets.

Considering that the rainfall-runoff process over a large basin is a complex non-

linear process, a small reduction in errors may improve streamflow predictions.

The S2S model performed better on initial timesteps, when the initial conditions

have a stronger influence over the prediction.
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Figure 5. S2S model MAE evolution on further timesteps.
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Figure 6. S2S model RMSE evolution on further timesteps.
This matter can constrain the hydrologic application of the method, demanding
more accurate information on the time-range over the period of a few weeks. However,
through data assimilation techniques (i.e. updating the initial conditions), one can yield

material of higher quality on shorter forecast lead times (e.g. Fan et. al., 2015d).

Despite, the analysis may also be improved by correcting the single area-average
precipitation series, using the same bias correcting method.

52



4.3.3. Probabilistic Metrics

Figure 10 shows results for the mean CRPS. The behavior of this metric is like
those that consider the mean ensemble, which generally tend to increase over the lead
times. The mean CPRS for ensemble means showed little variability, between 1.8 mm
and 2.5 mm. Directly comparing the mean CRPS of the ensemble’s averages with its
equivalent deterministic measure (control forecast MAE), indicates that the ensemble
forecast has better performance over the forecast lead times. In addition, the bias
correction mostly has not improved this metric, only in the initial timesteps is some

improvement visible.

The brier score (BS), showed in figure 11, which verifies the detection of discrete events,
computed the rainfall score to be 5 mm. For the 5 mm threshold the BS assumed values

ranging from 0.16 to 0.22. Also, the bias correction showed little improvement on the

brier score.
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Figure 7. The mean Continuous Ranked Probability Score evolution on timesteps.
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Figure 8. The brier score computed within a threshold of 5 mm.

The results above demonstrate some of the potential uses of future forecast that

fall within the sub seasonal time range. In this context, some ways of presenting the results
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are displayed, as in projecting the model uncertainty into a single value at each time step
(e.g. MAE, RMSE and mean CRPS) or averaging accumulated values within distinct time

ranges (e.g. seasonal and intra-seasonal total precipitation).

It is relevant to highlight that the entire PRB presents distinct hydro-climatic
conditions within its limits, as noted on precipitation fields (fig. 3) that the higher
precipitation volumes occur at distinct seasons within upstream and downstream regions
of the basin. Accordingly, before the statistical evaluation metrics, one must adapt the
spatial domain (e.g. entire basin, or hydrologic regions) or specifically correct the single

representative precipitation series, in lieu of area-averaging the centroids series.

Furthermore, the sort of study presented here may help in answering questions
concerning the general usefulness of S2S predictions on a regional basis. Such as: in
which location the rainfall event is likely to occur; the wet and dry season onset; the
accuracy of longer lead times. Also, an aspect that is not explored within the frame of this

study, is association of predictions to vulnerability or expected loss in decision making.
4.4. Conclusions

This Sub Seasonal to Seasonal (S2S) evaluation has been one of the first for
hydrological forecasting purposes of future rainfall provided by the database, within one
of the most hydropower important regions in Brazil, the Parana River Basin. In addition
to the assessment of raw forecasts, the bias correction method applied to the S2S
precipitation dataset remedied the intra-basin variability by following a distributed

hydrological model framework.

In general, the quality of the assessed hydrological forecasting showed that the
ensemble average MAE ranged 2.6mm to 3.7mm, whilst the control member ranged
2.7mm to 4.8mm. The RMSE varied from 3.6mm to 5.26mm.

The bias correction methods tested produced a better consistency on the
spatialized basis of accumulated precipitation totals, which can be an improvement on the
spatio-temporal patterns of rainfall.

On the other hand, the bias correction did not show notable improvement on the

metrics, therefore it may be an unnecessary step to further hydrologic modeling.

Finally, it is critical to understand the strategies and institutional framework of

end users in the light of hydrological sub seasonal ensemble forecasts. On this matter,
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future studies within the same database will include evaluation of the results of

hydrological forecasts for hydropower plants located in the Parana watershed.
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5. Potential of Hydrological Sub-Seasonal Forecasts in Tropical
Large-Scale Basins

O foco deste capitulo é a respeito dos sistemas de previsao hidroldgica por conjunto
(H-EPS, sigla em inglés), os quais utilizam as previsdes quantitativas de precipitacdo
como forcantes em um modelo hidroldgico. Tradicionalmente, as previsdes hidroldgicas
em prazo sub sazonal (usualmente denominadas de prazo estendido) séo obtidas
utilizando informagdes historicas de varidveis meteoroldgicas, constituindo o método
Extended Streamflow Prediction (ESP; Day, 1985). Todavia, devido ao crescente avango
e melhorias na previsao quantitativa destas variaveis, sobretudo a precipitacéo, oferecem
a oportunidade de realizar estas previsdes aplicando dados de modelos atmosféricos
globais. Baseado nesta motivacdo, esta pesquisa explora os dados de precipitagdo
guantitativa oriundos do European Centre for Medium-Range Weather Forecasts
(ECMWE), disponiveis no banco de dados mantido pelo projeto subseasonal-to-seasonal
(S2S), como entradas ao modelo MGB-IPH.

As multiplas simulac6es hidroldgicas resultam nas previsdes de vazao por conjunto,
as quais sao avaliadas pontualmente em localidades escolhidas. Também, explorou-se 0s
dados historicos de precipitacdo observada para geracdo de ensembles baseados nesta
informacao, constituindo a técnica ESP. Entdo, avaliou-se o desempenho das previsdes
S2S métricas estatisticas, indicando as regides em que estas previsées obtiveram melhor
performance, bem como, se fez uma comparacdo destas previsdes com relacdo aos

ensembles utilizando informacéo historica.

Este capitulo apresenta-se na forma de um artigo cientifico, escrito em lingua

inglesa, que esta sendo preparado a submissdo em periddico cientifico.
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Abstract

The sub-seasonal forecast horizon, defined in this study as up to 46 days, gives rise to
many opportunities for research and operational applications. This work is one of the first
evaluations of ensemble sub-seasonal meteorological inputs in large-scale basin
hydrological modelling within a tropical climate in South America — where one could
potentially explore the forecasts for hydropower generation purposes. The precipitation
forecast data were provided by the European Centre for Medium-Range Weather
Forecasts (ECMWEF), within the sub-seasonal-to-seasonal (S2S) project’s context. To
assess the quality of the forecasts, a statistical evaluation was performed, including a
comparison with the traditional extended streamflow prediction (ESP) technique. Results
allowed for an estimation of the error magnitudes and the potential to the benefit of the
ensemble over the deterministic reference forecast and the ESP approach. We showed
that for all locations, the S2S forecasts have advantages over the ESP, although generally
their skill deteriorates in lead times after day 30. The evaluation across multiple locations
considering its respective drainage area and hydrological conditions, suggests that they
are related to the statistical performance outcome.

5.1. Introduction

Streamflow forecasting is consistently a useful tool in the management of water
resources. In many applications, the benefits of the predictions increase with lead time.
Such as in the river discharge prediction for reservoir and hydraulic structures operations,
for example (Fan et. al., 2014; Fan et. al., 2015; Schwanenberg et. al., 2015; Fan et. al.,
2016; Anghileri,et. al., 2016).

Over the last decades, the improvement of numerical weather predictions (NWP)
enabled the use of quantitative precipitation forecasts (QPF) for many applications, both
operational and scientific (Cuo et. al., 2011, Golding 2009, Fan et. al., 2014). Despite the
errors and uncertainties associated with the QPF data, it is increasingly being adopted as

the preferred input for hydrologic models, aiming towards streamflow prediction.

A common manner of assessing the uncertainties in hydrological forecasting is the
implementation of ensembles, in which the hydrological model is usually forced with
several quantitative precipitation forecasts, which are referred to as “members” of an
ensemble of meteorological model outputs, achieving multiple streamflow scenarios as a
result. Providing information on the possibility that an event will occur (Krzysztofowicz,
2001). This approach constitutes what is called a Hydrological Ensemble Prediction
System (H-EPS). Additionally, the H-EPS can lead to better decision-making concerning
operational hydrological questions. An ensemble forecast system is important in

establishing longer lead times than the catchment time of concentration, as well as for
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shorter lead times, valuing the prediction on a point of interest, especially near the outlet.
These aspects make the H-EPS the best alternative for systems in which it could
potentially extend lead times and more efficiently quantify the system’s predictability (or
unpredictability) (Cloke and Pappenberger, 2009; Cuo et. al., 2011; Cloke et. al.,2013).

The H-EPS have been extensively used for short-range forecasting in flood warning
systems and natural disaster prediction, and more recently, the development of
technologies has led to large-scale, global flood forecasting (Pappenberger et al., 2013).
In addition, medium and seasonal range forecasting constitutes a potential tool for issuing
river flow conditions and optimizing water resource management and decision-making
(Cloke and Pappenberger, 2009; Emerton et. al., 2016).

Several studies have assessed the performance and usefulness of ensemble
forecasting for operational hydrological concerns (Alfieri et. al., 2014; Bennet et. al.,
2014; Olsson and Lindstrom, 2008; Roulin and Vannitsem, 2005; Benniga et. al., 2017;
Boucher et. al., 2012; Ramos et. al., 2013; McCollor and Stull, 2008; Verkade and
Werner, 2011; Dietrich et. al., 2009; Dale et. al., 2012). Particularly, within the tropical
and sub-tropical South American context, the recent studies of Fan et. al. (2014), Fan et.
al. (2015), explored medium-range ensemble forecasts primarily addressing inflow
verification in hydropower reservoirs; while Siqueira et. al. (2016) used short-range
ensemble forecasts focused on operational flood prediction.

Recently, the scientific community has been focusing towards better
comprehending the efficiency of forecasts across time ranges between short-to- medium
(few hours up to two weeks) and seasonal-range (three months to less than a year), which
for many years has been called extended-range but has lately been referred to as the sub-
seasonal forecasting range. The hydrologic ensemble predictions within sub-seasonal lead
times, spanning between two weeks to a few months (Vitart et. al., 2012; Vitart et. al.,
2015; Vitart et. al., 2017), are often considered unfeasible due to the high level of
uncertainties and legitimately difficult time range required to provide skillful predictions
— once placed between the weather (deterministic) and climate (probabilistic) forecast.
Despite the possible socioeconomic value that could be derived from this prediction
horizon, until recently it had not yet received considerably higher attention than other
time ranges. Even though, new advances motivate more appraisals in this timescale
(Brunet et. al., 2010; Shapiro et. al., 2010; White et. al., 2017), and the forecasting

systems are moving toward a more ‘seamless’ prediction method over the sub-seasonal
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horizon (Palmer and Webster, 1993; Palmer et. al., 2008; Vitart et. al., 2008; Brunet et.
al., 2010; Hoskins, 2013; Vitart and Roberston, 2018; Wetterhall and Giuseppe 2018),
mainly based on the idea of a concatenation of “the best” forecast at each lead time.

The development of hydrological sub-seasonal to seasonal forecasting systems may
potentially fulfill the needs of users and enable better decision-making in issues
concerning the use of aquatic resources, such as: supporting decision-making in water
supply management (e.g. flood and drought control, Pagano et. al., 2002; Hartmann,
2005; Lemos 2008; O’Donnell and Colby, 2008; Bazile et. al., 2017; Shah et. al., 2017;
Sene et. al., 2018); scheduling of hydropower operations (e.g. anticipating demands,
reservoir maintenance, water trading and hedging, Robertson et. al., 2014; Fan et. al.,
2015c; Foster et. al., 2017; Turner et. al., 2017); preparing for high-intensity events
(Braman et. al., 2013; Perez et. al., 2017; Vitart and Robertson, 2018); shipping and
navigation planning (Meibner et. al., 2017); crop production and commodity trading
(Hansen et. al., 2006; Breuer et. al., 2010; Mase and Prokopy 2012); societal hazard
awareness (O’Connor et. al., 2005; Patt et. al., 2007; Goddard et. al., 2010; Srinivasan et.
al., 2011); public health (Zhou et. al., 2004; Kuhn et. al., 2005; Thomson et. al., 2006;
Kelly-Hope and Thomson, 2008; Jancloes et. al., 2014; Thomson et. al., 2014;), among
others (NASEM, 2016).

Although the sub-seasonal prediction method may not be the best option to detect
short-term extreme events (e.g. floods), it could benefit sectors such as hydropower by
predicting inflow volumes, and anomalous conditions within longer lead times, such as
low flows and droughts (Dutra et. al., 2014; Meibner et. al., 2017). It could also be applied
to draw the necessary adjustments between long-term and short-term planning, as new
information is made available (for example, assumptions regarding the volume held in a

reservoir), also delay or anticipated start of rainy/dry season.

Specifically, regarding the sub-seasonal time range, it is noticeable that there are
few research projects concerned with the applications of numerical weather predictions
within the sub-seasonal time range (up to 3 months, once called extended-range).
Subsequently we discuss a few of the currently available works. White et. al., (2017)
reviews potential applications of sub-seasonal-to-seasonal (S2S) predictions, discussing
new research and operational opportunities. It also outlines the key challenges for
advancing this new frontier — identifying sources of predictability; improving forecasting

skill; operationalization of predictions and communication with decision makers. Despite
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being a review paper, it gives insights into the possibilities of applications and
categorizing the primary challenges in this current, early stage of practices in S2S
forecasting.

The study of Shah et. al., (2017) is an application of sub-seasonal (of lead time up
to day 45) precipitation forecasts, tailored to benefit the agricultural sector. The authors
evaluated the meteorological prediction outputs from CFSv2, GEFSv2 and a local Indian
Agency (IITM) against observations from the India Meteorological Department. The total
runoff and the root-zone soil moisture was estimated using the Variable Infiltration
Capacity (VIC) model, also applying bias correction methods on forecast variables. Their
results show that the I1TM products outperform the CFSv2 and GEFSv2 models; using
the forcing variables from the IITM ensemble and the VIC model, they have predicted
45-day accumulated hydrologic variables with satisfying performance, in terms of
correlation coefficient, Mean Absolute Error (MAE) and critical success index; providing
useful information to water (such as total runoff) and agriculture (root-zone soil moisture

and precipitation anomalies) managers.

The authors Monhart et. al., (2019) compared the traditional ESP approach to a sub-
seasonal (with a lead time up to day 32) hydrometeorological ensemble prediction system,
within three catchments with distinct hydroclimatic conditions. They used ECMWF sub-
seasonal temperature and precipitation inputs, with raw and bias corrected (pre-
processed) datasets, aiming towards investigating the predictability of streamflow and the
importance of the complex interactions between precipitation and temperature in a sub-
seasonal timescale. The results, expressed in standard performance scores, including the
Continuous Ranked Probability Skill Score (CPRSS), indicated that the sub-seasonal
inputs showed improved predictability over ESP, specially at early lead times. Regarding
skill in comparison with the ESP, they revealed that the raw forecasts only display
improvement for the first 5 lead days, and pre-processing the precipitation improves it on
early lead times. As for correcting the temperature, it enhances the skill on later lead
times. One interesting aspect tested by the authors is the seasonal variation in skill, in this
matter forecasts generally initiated in winter and spring show the highest benefits over
the reference climatology. Furthermore, the research discusses some limitations of the
guantile-mapping technique for distributed hydrological modelling (i.e. the variation
inflation issue may be influenced by convective precipitation events, influencing all the

results), it also provides insights in enhancing the generation of ESPs by suggesting that
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only individual years be considered, possessing similar initial conditions. Another
important conclusion is that solely pre-processing precipitation data is not enough to
enhance the forecast performance, and it is by highlighting their combination with other
variables (temperature) which improves the reliability, however, this verification went

against a reference simulation as a replacement for real observations.

Regarding the testing of sub-seasonal forecasts, we could not find any that used
quantitative precipitation forecasts, for application in tropical climates, for the evaluation
of hydropower benefits, nor for South American locations. On the other hand, there is an
increasing urge to systematically explore and evaluate the sub-seasonal forecasts across
a wide range of activities and locations (Brunet et. al., 2010; Vitart et. al., 2012; Vitart et.
al., 2017; White et. al., 2017).

The objective in this study is to perform one of the first evaluations of sub-seasonal
hydrological forecasts applied to hydropower dams’ locations in large tropical and sub-
tropical basins, based on ECMWF QPFs which originated from the S2S project. The
research is conducted within the Parand River Basin, one of the most important
hydropower producing regions in the South American continent. This study aims
primarily to evaluate the ensemble streamflow through statistical scores, as well as
comparing it to the well-established extended range prediction ESP technique, potentially
providing information concerning the use of S2S data for hydrological modelling.

5.2.  Study Catchment

The researched basin is the Parana River Basin (PRB), located within Brazilian
territory, covering regions from South-Central Brazil to the Itaipd hydropower dam. The
PRB is one of the most important hydraulic systems in South America, being responsible
for more than 50% of the hydroelectric production in the entire country (Adam et. al.,
2015). Contemplating around 150 large power generating reservoirs along its main river
and tributaries — Parané River, Grande, Tiéte, Paranapanema and Iguagu; ANEEL, 2008).
These rivers also double as waterways for navigation, such as the Tieté-Parana. The PRB
has total area of approximately 907,000 km?, localized within coordinates 15.450 S to
26.850 S, 43.580 W to 56.110 W, as shown in figure 1.

The PRB concentrates approximately one third of the population of Brazil and
covers several of the country federative units. Within the basin it is included the region

with greater population and industrialization of Brazil. The main uses of water and its
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conflicts are around public, industrial, agriculture and irrigation water supply, therefore,
also suffers from the degradation of this resource in its main tributaries — originating from
organic and inorganic pollution (mainly effluents).

The studied basin presents different hydrological regimes across its large territory,
exhibiting a seasonality caused primarily by the action of air masses in Brazil. The region
at the north end of the basin presents a tropical climate, with dry winters and more rain in
the summer; the rainfall is tropical and convective. While the southern region presents
steadier rainfall, evenly distributed throughout the seasons (Siqueira and Martins, 2018).

The coordination of the hydroelectric generation and transmission is under the
responsibility of the National Electric System Operator (ONS), and usually uses medium-
term average daily flow forecasts to perform the management of power generation (ONS,
2011, 2012a, 2012b, 2014), in which diverse methodologies are used, including
hydrological modelling and forecasting.
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Figure 1. Location of the Parana River Basin (PRB).
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5.3. Methodology
5.3.1. Precipitation Datasets

The meteorological ensemble precipitation forecasts were provided by the ECMWF
CY43R3 model, on a sub-seasonal time scale stemming from the S2S project (Vitart and
Robertson, 2018), comprehending real-time forecasts for 2015 and 2016. It performs an
integration of 51 ensemble members, including one unperturbed initial condition (control
forecast) and 50 committed with small perturbations, running twice a week (Monday and
Thursday, UTC 00) for up to 46 days. The data is freely available at:
https://apps.ecmwf.int/datasets/. We used the forecast data with 0.1250 grid resolution
and daily accumulated time-steps (ECMWF, 2017b). We used the ECMWF forecasts due
to its positive performance compared to other datasets (Buizza et. al.2005; Tao et. al.,
2014). The ECMWEF dataset was chosen as a result of Fan et. al., (2015)’s study in the
South American context, which analyzed medium-range forecasts originated from this
research center for inflow verification and demonstrated the best performance of this

ensemble among the inspected.

The observed precipitation dataset used to run the hydrological simulations was the
Multi Source Weighted Ensemble Precipitation (MSWEP v2.1). This is a global dataset,
covering the years from 1979 to 2016, with grid resolution of 0.10 and provided as 3-
hourly accumulated value, which had to be accumulated from daily values (Beck et. al.,
2017a; Beck et. al., 2017b). Employing a gridded dataset was the selected method in the
current study due to its advantages over local in-situ gauges, as it uses complementary
information from diverse sources such as satellite, reanalysis and data gauges; also

providing information for long temporal availability without missing data.

5.3.2. Hydrological Model

The MGB-IPH (described by Collischonn et. al., 2007b) is a large-scale distributed
model, used in several studies for hydrological simulations in South America (Tucci et.
al., 2003; Collischonn et. al., 2005a, 2005b, 2007a; Paz et. al., 2007; Getirana et. al.,
2010; Nobrega et. al., 2011; Meller et. al., 2012; Paiva et. al., 2013; Fan et. al., 2014,
2015; Siqueiraet. al., 2016, 2018). In the Parana River Basin, the model has been applied
in Fanet. al., (2012); Pontes et. al., (2012, 2013); Adam et. al., (2014, 2015); Collischonn
et. al., (2014); Colossi et. al., (2017a, 2017b)’s studies.
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The utilized version of this model discretizes the basin into unit catchments
whenever there are confluences of streams or at specific points, these units are
denominated mini-basins (Paiva et. al., 2013). The soil and vegetation variability are
classified by Hydrologic Response Units (HRU), whose parameters are associated with
each HRU type (Kowen et. al., 1993); for the evapotranspiration calculation, the model
is based on Penman-Monteith (Shuttleworth, 1993); the surface runoff and soil water
balance follow the Arno model approach (Todini, 1996); also, the streamflow routing is
computed using the Muskigum-Cunge method (in the case of this study) or the full Saint-

Venant when necessary (Paiva et. al., 2013).

In this study, the basin was discretized into 1424 catchments, while the rainfall-
runoff process was simulated using a daily time step. Model calibration was carried out
using data from the National Electric System Operator (ONS), spanning the years
between 1975 to 1995 for the calibration period and 1995 to 2010 for validation due to
data availability and occurrences of extreme events Collischonn et. al., (2014).

A comparison to the natural streamflow estimated by ONS, was conducted using
the Nash-Sutcliffe (NS, Nash and Sutcliffe 1970) performance metrics, log-NS and
volume error (dV). The metrics for the Hydropower Plants case study location is outlined
in Table 1 for model calibration and validation periods. The NS is a measure of how the
results of the model (MGB-IPH) are far preferable than an alternative, which in this case,
is the value of average long range observed flows. The score spans values from - to 1,
among which the positive values indicate that the proposed model is better than the long
range mean and values near zero suggest that the model’s results are as undesirable as the
long-range mean. The NS score tends to issue more importance to inflow spikes, thus
using the flow logarithms (log-NS) is a way to obtain a less sensitive score to peaks and
more sensitive to periods of flow recession. Finally, the relative volume error (dV)
evaluates whether there is a systematic deviation from the overestimation or

underestimation of the flow.
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Table 2. Performance of MGB model on the study case gauges in the calibration and validation periods.

L ocation Calibration (1975-1995) Verification (1995-2010)

NS log-NS dV (%) NS log-NS dV (%)
Agua Vermelha 0,85 0,83 -10,10 0,85 0,88 -6,10
Barra Bonita 0,76 0,67 5,30 0,76 0,75 -6,50
Furnas 0,81 0,82 -9,90 0,84 0,87 -2,50
Itaipu 0,86 0,85 -2,80 0,85 0,85 -3,90
Jupia 0,87 0,85 -3,50 0,87 0,88 -2,70
Porto Primavera 0,86 0,82 -3,60 0,88 0,87 -1,50

Based on Table 1, we believe that the hydrologic model calibration and verification
was satisfactory for further hydrological applications since the NS and log-NS were above
0.75 and the volume error (dV) between +10%.

5.3.3. Data interpolation

Since the main river basin is discretized into 1424 unit catchments (elemental
areas), the centroid coordinate of each of these was used to interpolate representative
precipitation series from the gridded S2S data, by taking the nearest QPF grid pixel from
the centroid coordinate as its value. The same interpolation had to be done for the
MSWEP dataset.

5.3.4. Ensemble Streamflow Forecast

The experiments consisted of assembling a Hydrological Ensemble Prediction
System (H-EPS), using the meteorological ensembles as forcing to the MGB-IPH model.
Data is made available in real-time after a delay of 3 weeks, therefore it may not yet be
available for real-time operations.

We also used the Extended Streamflow Prediction (ESP) techniqueto generate an
ensemble of hydrologic simulations considering the historical rainfall data. Each ESP
ensemble member considered the same period (day and month) of the real-time forecast
lead-times, and a total of 20 years into the past was considered (i.e. number of
climatological ensemble members). It is important to consider the need to derive an
adequate initial condition for the hydrological model in each forecast, otherwise the errors
associated with it would add up to the ESP bias (Arsenault and Cote, 2018). Although,
we only resampled the historical rainfall data to proceed with the ESP.

We also used a reference forecast, a “perfect” rainfall forecast, in which one
assumes the precipitation prediction to be equal to the observed. This reference forecast
may be used to evaluate the model errors themselves, enabling, in the case of this study,
for the assessment of forecasts having to consider only the uncertainties associated with

the meteorological data.
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Figure 2 shows examples of the result of ensemble streamflow forecast. The sub-
seasonal ECMWEF QPFs originated from the S2S database and the ESP series were used
as input for generating the streamflow forecasts. The figure depicts a flood event on Itaipu
location, on the upper figures the forecasts were issued two weeks prior a flow peak, and

then on the bottom it shows the development of the event.
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Figure 2. Visual analysis on sampled sub-seasonal streamflow forecasts at Itaip HPP. It is noted that the S2S based
forecasts followed in more accordance to the benchmark than the ESP based, providing more accurate information on
inflows to the Itaipt dam location. On the left the S2S-based; on the right the ESP-based. Blue line refers to the
streamflow benchmark, red line is the control member of the ensemble, gray line is an ensemble member and dashed

black line is the ensemble mean.

5.3.5. Results Assessments

The hydrological simulations produced results in the streamflow series for all 1424
catchments, however, only the 6 case studies locations were assessed. One of the analyzed
primary results is the comparison of the “perfect” rainfall simulation against the observed

natural streamflow, provided by ONS, the Nash-Sutcliffe score was also computed at each

location.

The ensemble forecasting was evaluated using the Ensemble Verification System
(EVS) software, described by Brown et. al., 2010. We applied some scores that are usual
in ensemble forecasting, such as the Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), Continuous Ranked Probability Skill Score (CRPSS) and Rank Histogram
(Stanski et al., 1989; Hersbach, 2000; Wilks, 2006; Brown et al., 2010; Bradley and
Schwartz, 2011; Jolliffe and Stephenson, 2012). These scores are usually employed in
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ensemble assessments and are highly documented within specific statistical literature
(Wilks, 2006; Brown et al., 2010; Jolliffe and Stephenson, 2012).

This assessment illustrates the performance of the ECMWF sub-seasonal forecasts
in comparison with the climatological reference. We do not specify a threshold; hence all
forecast streamflow values were issued. In this assessment, the objective was to present
an overview of the reliability and performance of ensemble results, in comparison to the
deterministic values given by the ensemble mean and ensemble control member — as these
values may be representative of a deterministic forecast, it may be used in the absence of
ensemble forecasts. The comparison with the ESP gives information on the performance

of the ensemble against historical rainfall based forecasts.

The Mean Absolute Error (MAE) is a score that reduces the ensemble to its mean
value for each time step, measuring the difference from the observed benchmark (i.e.
“perfect” rainfall simulations). This score assigns the same weight to all errors and
primarily measures the magnitude of the errors, the optimal value is equal to zero.
Meanwhile, the Root Mean Squared Error (RMSE), as a quadratic score rule, it penalizes
larger errors, providing a measurement on the variability of the errors’ magnitudes,

serving as a measure of accuracy.

The Mean Continuous Ranked Probability Score (CRPS) summarizes the quality of
the ensemble forecast reducing it to a single value, which is obtained by measuring the
integrated square difference between the cumulative distribution function of the forecast
value, and the corresponding function of the observed. The CRPS, when averaged for all
pair of forecasts and observations, leads to the Mean CRPS, where lower values
correspond to the optimal. It is important to highlight that the Mean CRPS may be used
to compare the ensemble performance to a reference forecast, since it reduces to the MAE
for deterministic forecasts. In addition, the Mean Continuous Ranked Probability Skill
Score (CRPSS) measures the performance of the forecast system relative to another in
terms of Mean CRPS.

In order to allow a comparison between different locations, errors scores (MAE and
CPRS) were gathered after a normalization procedure. The calculated value of the
respective scores were divided by the long-term average of the “perfect” rainfall
simulated flow series of 2015 and 2016. Thusly, the result may disregard the magnitudes

and express the errors relative to the mean flow.
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The Rank Histogram (RH) is a measure of reliability (statistical consistency
between, measurements and simulations, Hamill, 2000; Candille and Talagrand, 2005)
and whether uncertainty is correctly represented in the forecast. It scopes out the fraction
of observation that may fall between any two ranked ensemble members in the forecast
distribution. This score is optimal (i.e. the forecast system is reliable in terms of Rank
Histogram) when the probability of the observation falls between any two ranked
members and is approximately uniform. A lack of spreading of the ensemble is indicated
by a “U” shaped rank histogram (High probabilities in one or both tails), on the other

hand an inverted “U” shape indicates an excessive spreading.
5.4. Results

5.4.1. Individual Assessments and Spread Analysis

Figure 3 displays the results of the MAE and CRPS metrics at each of the six dam
locations for the ensemble mean and control forecast, after normalizing of the scores with

the long-term average of each location.

The figure shows that the CRPS for the ensemble is always lower than MAE of the
Ensemble Mean and the Control Member in all locations. The CRPS compared to the
control forecast (deterministic reference) indicates better predictability from the ensemble
mean. The MAE for the ensemble is always lower than the control member, and the errors
readily increase from initial time steps onwards. It illustrates that for the Barra Bonita and

Furnas locations, the errors are more prominent in relation to the long-term average.

In general, for the Itaipd (827,000 km?2), Porto Primavera (574,000 km2), Jupia
(479,000 km?) and Agua Vermelha (139,000 km?) locations, the three first being located
along the Parand River (the main river of the basin), and the forth on the tributary Grande
river, the MAE and CRPS magnitudes for the ensemble are placed around 0.20 and 0.15
times the long term flow average. As for the control member, until day 8 the MAE value
was akin to the ensemble, and after this lead time, the values were around 0.3 times the

long-term average.

The Furnas (52,000 km?) location, situated on the Rio Grande river, and the smallest
drainage area of all locations in the ensemble, presented a MAE with values around 0.3

times the long-term average, and 0.2 times for the CPRS. Regarding the control member,
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the MAE resulted in values ranging 0.5 times, and, aside from that, around day 6 it

showed disparity with the ensemble.

The Barra Bonita (33,000 km?2) location, situated on the Tieté river, presented the
greatest variability of MAE and CPRS, ranging values around 0.6 times the long-term
average for the first score and 0.4 times for the second, within the ensemble. The control

member presented MAE values over 0.8 times, and until day 8 the score remained close

to ensemble.
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Figure 3. Evolution on the lead time up to 46 days of the MAE, RMSE and CRPS for the forecasts issued.

Figure 4 shows the normalized Root Mean Squared Error (RMSE) of the ensemble
mean on all locations. In the figure it is indicated that the errors tend to increase as the
drainage area decreases. The three locations situated along the main river (Itaipd, Porto
Primavera and Jupia) presented the smallest RMSE relative to the long-term average. As

for the ones located on the tributary Grande River (Agua Vermelha and Furnas), this
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behavior appears once more, in addition, for Furnas the errors increase promptly from
initial time steps. Finally, in the Barra Bonita location, which represents the smallest
drainage area, located on tributary Tieté River, it presented the largest normalized RMSE

as well.

In general, the locations with larger drainage areas performed better, and it is duly
noted that the hydrological forecasts in locations with a drainage area above 479,000 km?
the RMSE score does not present significant improvements, suggesting that this value
may be an area threshold in which the performance of hydrological forecast results cannot

be enhanced.

Normalized Root Mean Squared Error (RMSE)
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Figure 4. Normalized RMSE on all locations, figure shows that the error tends to increase as the drainage area of the
location decreases.

Figure 5, 6 and 7 show the 51-member rank histogram for Itaipu, Furnas and Barra
Bonita dam locations, at sampled lead times 1, 15, 20 and 46, showing the rank
histogram’s behavior throughout the forecast horizon. From Itaipu location, the general
behavior of the ensemble spread is demonstrated, which is similar to that of the other dam
localities over the locations along the Parana River (Porto Primavera and Jupid), as well

as the Agua Vermelha location.

The Itaipu rank histograms indicate that in early lead-times, approximately from
day 1 up until day 15, there is a lack of spread, represented by the “U” shape of the
histograms, and as the forecast lead times increase, more spread is presented (in the flat
form of the histograms). These results are compatible with ensemble forecasts, in which
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the lack of spread in early lead-times is noted as the only uncertainty considered is the
precipitation (Fan et. al., 2014).

For the Furnas rank histograms, the lack of spread on early lead times and a small
tendency towards an overestimation of the forecast streamflow over the entire horizon is
also perceived. The Barra Bonita rank histograms show that in early timesteps there is a

lack of spread (*“U” shape), but along with lead time evolution a tendency to overestimate
the streamflow is noted (positive bias).

Itaipu

Day 1 (24h) Day 15 (360h)

Day 20 (480h) Day 46 (1104h)

sibiaid

Figure 5. Rank Histograms indicating a lack of spread in early lead times. This behavior it is akin to the other locations
along the main river of the basin (Parana River) — Porto Primavera, Jupia and Agua Vermelha.
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Furnas
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Figure 6 Rank Histograms indicating right from initial time step, a tendency towards overestimation on the forecast
streamflow.

Barra Bonita
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Figure 7. Rank Histograms indicating lack of spread in early lead times, but a tendency to overestimation (positive
bias) along the development of the forecast.
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5.4.2. Skill Against Reference Forecast

Figure 8 shows the CPRSS results for the six dam locations, delineating the
performance of the sub-seasonal streamflow forecast in comparison to the ESP, based on
historical rainfall data (reference forecast). As the CPRSS perfect score is 1, indicating a
higher performance skill of S2S based forecasts, and negative values indicating that the

reference forecast performs betters in terms of CPRS.

This result shows that for the Itaipd location, up until day 3 the reference ESP
forecast outperforms the sub seasonal ensemble. At the Porto Primavera, Jupia and Agua
Vermelha locations, the score presents similar behavior, in which only after day 3 did the
sub seasonal ensemble outperform the reference forecast; however, it is verified that
approximately after a month (day 30) the ESP performs superior skill. Broadly, these
results concour with studies investigating the quality of ESP, which claims that many
ensemble predictions systems have difficulties in outperforming ESP after a month of
forecasting (Arnal et. al., 2018; Lucatero et. al., 2018; Monhart et. al., 2019). As for the
deficient sub-seasonal ensemble skill until day 3, this is possibly caused by the good ESP
skill on forecasting the initial lead-days on large basin, in which the inertial memory of

hydrological conditions has more influence on the prediction.

The Barra Bonita location presented a better skill of the sub-seasonal ensemble
across all time steps. Finally, in Furnas, the sub-seasonal forecasts were slightly better
than the ESP until the third week (day 21).
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Continuous Ranked Probability Skill Score
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Figure 8. Mean Continuous ranked probability skill score (CPRSS) for the sub seasonal based forecasts against ESP
as reference.

5.5. Discussion

The results from the statistical verification indicates that ensemble hydrological
forecasting presents many advantages when compared to comparison to the deterministic
(control member), in terms of MAE and CPRS. After a week of lead time, the direct errors
of the ensemble are always lower than the deterministic reference, for all six locations.
Also, it is suggested that the error scores may be dependent on the basin scale, since
smaller basins presented greater amounts of errors (Barra Bonita and Furnas), as it may
be attenuated by the streamflow generation processes on larger basins.

Meteorologically, larger drainage areas performed better possibly due to errors
related to the spatial resolution of the meteorological input being averaged for greater
area values. Consequently, on larger basins the errors tend to compensate for themselves.
Another aspect to consider, in a large basin as Parand River basin, there is different
precipitation systems acting within the basin regions and therefore it may present more
predictability or forecast skill on some of the regions. On the hydrological model, larger
areas result in better performance in the simulations, given that errors on parametrization
and discretization are also compensated as well. Remarkable is the fact that for drainage

areas equal or greater than 479,000 km? (Jupid, P. Primavera and Itaipu Dam), RMSEs of
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hydrological forecasting were very similar, suggesting a threshold area for bearing the

best results.

Regarding Rank Histograms, the statistical metrics showed that for the early lead
times, results are more dependent on the initial observed conditions in the basin rather
than on meteorological inputs, as indicated by the lack of spread in the ensemble across
all locations. The locations along the Parana River and the Agua Vermelha location, show
an increased reliability along with further lead times. On Barra Bonita, despite a lack of
spread on initial lead times, a positive bias is noted along the forecast. Furthermore,
Furnas presented a lack of spread on early lead times and a small tendency to positive
bias — indicating a systematic overestimation of the streamflow on these two last
locations, suggesting that some bias removal technique may be applied.

The CPRSS results suggest that the S2S based forecast have more skill than the
ESP based, therefore, it may provide more valuable information on decision making
processes than the forecasts that relies on historical series. The inflow estimation and
reservoir management may benefit from the modelled framework used on this study, once
we highlighted the associated errors within the forecast horizon and provided estimates

of streamflow several weeks ahead.

Another important aspect investigated is the rainfall seasonality effect on the ESP
performance, one may note that on Barra Bonita location is within a climate region that
presents little seasonality, therefore, resampling historic rainfall from distinct years

toward the past may not be representative of future conditions.

The results suggest that the ECMWF ensemble may perform differently at distinct
sub-basins among the study area. It can be noted specially for the locations that aren’t
along the main river of the studied basin, that the performance results on one location
may not be transposed to another. This evidence is also perceived within the studies of
Fan et. al., (2015) that tested ensemble forecasts on distinct watersheds within same
hydroclimatic region.

The climatic characteristic at each location may influence the performance on
techniques that rely on historical series, that is, in cases where is presented little
seasonality, using the S2S based QPF have better skill, as it considers more accurate

meteorological conditions along forecast lead time.
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The lack of spread on early lead times could be improved by applying a data
assimilation method and by considering the uncertainties in initial hydrological
conditions. Also, we did not carry out any post-processing on the forecast streamflow,
which could be assessed in future studies, considering each location’s particularities. For
an operational application of the S2S forecasts, it may be necessary to account not only
for the meteorological uncertainties. This matter may be resolved by adopting the
aforementioned strategies. Moreover, as the interpretation of the ensemble is not entirely
straight-forward, a better understanding would be attained through the use of optimization

models.

Our work brings light to the sub seasonal hydrological forecast, in one of the most
important hydrographic regions of South America, the Parana River Basin. These
forecasts have been shown to provide medium-to-long term valuable information,
especially for inflow assumptions in hydroelectric power plants, and have outperformed
the traditional ESP approach. Also, the results are in agreement with other studies that
have evaluated the performance of ensemble forecasts in relation to deterministic

reference, which generally confer the best quality of forecast to the ensemble.
5.6. Conclusion

This research presented one of the first statistical assessments of the sub-seasonal
to seasonal (S2S) meteorological data as input for hydrological modelling in a tropical
and sub-tropical context, considering the location of hydropower plants which could

potentially benefit over the streamflow predictions.

The results showed that the performance of the issued ensemble forecasts possess
some advantages in applications where total inflows is necessary when compared to the

deterministic (control member) and to a climatological reference (ESP).

The locations with greater drainage area situated along the main river of the basin
presented the best performance, when taking into account MAE, CPRS, and CPRSS,
especially for the Itaipt dam, which presented a higher skill than climatology after day 3
until the end of the forecast horizon. Following the Parana River upstream, the direct
errors (MAE and CPRS) presented slight deteriorations, concerning the skill score the
results indicated similar behavior to Itaipu, except that after a month of lead time, it has

underperformed the historical reference.
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The two other locations, situated in a tributary of the main river, with smaller
drainage areas, presented a higher degree of divergence in the results. On Barra Bonita
and Furnas, the MAE and CPRS resulted on the largest values, possibly caused by the
bias. On the other hand, the first location outperformed the ESP on all timesteps; and the
second presented skill above the ESP until week 3 (day 21).Ultimately, we expect that
our results will contribute to the usage of sub-seasonal horizon forecasts, and its benefits
to hydrological forecasting, consolidating ensemble forecasting experiments in large
South American basins as well. For hydropower generation purposes in large-scale
basins, the sub-seasonal streamflow predictions proved to be promising, with better skill
than the forecasts generated using the historical rainfall. In addition, the efforts addressed
some issues related to the main incitements of the sub-seasonal to the seasonal (S2S)
project (Vitart et. al.,2017).

Regarding future works, we believe that more test cases may be useful, considering
the meteorological inputs originated from different research centers, as they are freely
available from the S2S database — potentially providing a ‘grand’ ensemble with more
statistically reliable results. Likewise, succeeding recent efforts in the integrated
modeling of complex hydraulic systems in South America (e.g. Siqueira et. al., 2018), it
Is expected that value can be extracted from these models towards the use of sub-seasonal
forecasting (precipitation and other variables) in hydrological forecasts, especially when

regarding techniques that only employ historical information.

6. Conclusao

A previsdo de varidveis hidrologicas, como a precipitacdo e a vazao em recursos
hidricos, feita em prazo de antecedéncia sub sazonal, possui valor e utilidade em diversas
aplicacOes, apesar das incertezas associadas a este horizonte. Ainda, nota-se que o
beneficio potencial destas previsdes esta vinculado ao uso final, isto é, deve-se adequar o

produto (previsao) a aplicacdo desejada.

Ao longo desta dissertacdo foram estudados aspectos sobre a utilizagdo de previsoes
numéricas de precipitacdo por conjunto em horizonte sub sazonal, na modelagem de
vazbes. No capitulo 4, foram exploradas algumas questdes relativas as previsdes
quantitativas de precipitagdo por conjunto, no qual pode-se estimar erros associados aos
dados da base de dados S2S para a Bacia do Rio Parana, por meio de métricas como o

erro médio absoluto (MAE), raiz quadrada do erro médio (RMSE) e brier score (BS).

7



Além disso, testou-se a eficacia de dois métodos de correcéo de erros sistematicos,
0s quais ndo obtiveram melhorias em nenhuma das métricas estatisticas (MAE, RMSE e
BS). Todavia, pode-se constatar que ambos 0s métodos testados introduziram
variabilidade na climatologia intra-anual da precipitacdo. Estes resultados podem ajudar

nas estimativas de periodos mais secos e outros com maiores volumes de chuvas.

A respeito destas avaliacdes, recomenda-se para trabalhos futuros, a avaliacdo
estatistica em regides distintas dentro da bacia e outras metodologias mais robustas de
correcdo de erros sistematicos, por exemplo, a correcdo da fracdo de dias secos na

climatologia intra-anual.

O desenvolvimento de um Sistema de Previsdo Hidrologica por Conjunto (H-EPS,
em inglés), aplicando os dados de precipitacdo S2S ao modelo MGB-1PH, foi apresentado
no capitulo 5. A partir de multiplas simulagdes de vazdes, foi avaliado o desempenho do
conjunto (ensemble), em termos de erro médio absoluto, ao longo do horizonte sub

sazonal.

Também, pode-se inferir sobre as tendéncias de espalhamento do conjunto, por
meio dos Rank Histograms, nos quais percebeu-se que nas duas localidades situadas fora
do rio principal da bacia houve tendéncia de superestimativas das vazdes. Por fim,
constatou-se o beneficio da qualidade (skill) da previsdo S2S em relagdo a tradicional
técnica ESP, que em geral, superou a primeira apenas ap6s 30 dias da previsdo em quase

todas as localidades testados.

Sobre os aspectos abordados neste capitulo, recomenda-se para trabalhos futuros, o
aumento na complexidade do H-EPS, incluindo metodologias de assimilacdo de dados e
pOs-processamento nas saidas das previsfes vazao por conjunto. Outro ponto passivel de
ser explorado é o aproveitamento dos dados gerados em outros centros de pesquisas
meteoroldgicas, disponiveis gratuitamente na base S2S — de modo que se realize um
grand ensemble, obtendo maior confiabilidade estatistica.

As questdes abordadas nesta dissertacdo vao ao encontro com aquelas colocadas na
agenda de pesquisa descrita em WMO (2018), e assim, baseado no exposto anteriormente
espera-se que tenha contribuido a ciéncia da previsao hidrolégica de uma forma geral.
Foram expostas algumas potencialidades, deficiéncias e beneficios da previsdo em
horizonte sub sazonal - e embora a pesquisa ainda esteja em estagios incipientes na

América do Sul, acredita-se que nos préximos anos, a qualidade das previsdes numéricas
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sub sazonais tendem a crescer, em vista de novas tecnologias de monitoramento e o

engajamento da comunidade cientifica (e operacional) a respeito desta tematica.
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8. Anexo: Descricdo do modelo meteoroldgico ipsis litteris portal S2S

Criado por Frederic Vitart, dltima alteracdo em nov 01, 2017
Name: ECMWF Ensemble

The S2S database contains real-time forecasts from ECMWF from 1st January 2015, and
the associated re-forecasts.
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1. Ensemble version

Ensemble identifier code: CY43R3

Short Description: Global ensemble system that simulates initial uncertainties using
singular vectors and ensemble of data assimilation and model uncertainties due to physical
parameterizations using a stochastic scheme. based on 51 members, runs twice a week
(Monday and Thursday at 00Z) up to day 46.

Research or operational: Operational

Data time of first forecast run: 11 July 2017

2. Configuration of the EPS

Is the model coupled to an ocean model ? Yes from day O

If yes, please describe ocean model briefly including frequency of coupling and any
ensemble perturbation applied: Ocean model is NEMO3.4.1 with a 0,25 degree horizontal
resolution, 75 vertical levels, initialized from ECMWF Ocean Analysis + 4 perturbed analyses
produced by perturbing the wind field during the ocean analysis. Frequency of coupling is
hourly.

Is the model coupled to a sea Ice model? Yes

If yes, please describe sea-ice model briefly including any ensemble perturbation
applied: Interactive sea-ice model (the Louvain-la-Neuve Sea Ice Model - LIM2). Initial
perturbations of sea-ice from the 5 ensemble ocean/sea-ice analysis/re-analysis. No
stochastic perturbations.

Is the model coupled to a wave model? Yes

If yes, please describe wave model briefly including any ensemble perturbation
applied: ECMWF wave model. No perturbation. Resolution is 0.25 degrees up to day 15
and 0.5 degrees after day 15.

Ocean model: NEMO 0.25 degree resolution

Horizontal resolution of the atmospheric model: Tco639 (about 16 km) up to day 15 and
Tco319 (about 32 km) after day 15

Number of model levels: 91

Top of model: 0.01 hPa

Type of model levels: sigma

Forecast length: 46 days (1104 hours)

Run Frequency: twice a week (Monday 00Z and Thursday 00Z)
Is there an unperturbed control forecast included?: Yes
Number of perturbed ensemble members: 50

Integration time step: 12 minutes for day 0-15 and 20 minutes for day 15-46

89


https://www.ecmwf.int/en/forecasts/documentation-and-support/evolution-ifs/cycles/cycle-43r3-latest

3. Initial conditions and perturbations

Data assimilation method for control analysis: 4D Var (atmosphere) and 3DVAR
(ocean/sea-ice)

Resolution of model used to generate Control Analysis: TL1279L137

Ensemble initial perturbation strategy: Singular vectors + Ensemble Data Assimilation
perturbations added to control analysis

Horizontal and vertical resolution of perturbations: T42L91 SVs+ T399L137 EDA
perturbations

Perturbations in +/- pairs: Yes

Initialization of land surface:

What is the land surface model (LSM) and version used in the forecast model, and
what are the current/relevant references for the model? Are there any significant
changes/deviations in the operational version of the LSM from the documentation of
the LSM? IFS Documentation, Physical Processes, Chapter 8 Surface parameterisation,
2016 http://www.ecmwf.int/en/elibrary/16648-part-iv-physical-processes

How is soil moisture initialized in the forecasts? (climatology / realistic /
other) realistic

If “realistic”, does the soil moisture come from an analysis using the same LSM as is
coupled to the GCM for forecasts, or another source? Please describe the process of
soil moisture initialization.

LDAS-based (simplified EKF) as used in all IFS forecast and described
here: https://software.ecmwf.int/wiki/display/LDAS/LDAS +Home

Is there horizontal and/or vertical interpolation of initialization data onto the forecast
model grid? If so, please give original data resolution(s). Yes horizontal interpolations.
For soil moisture the interpolation is standardized on soil moisture index (to account for
different soil texture in input and target resolution grid).

Does the LSM differentiate between liquid and ice content of the soil? If so, how are
each initialized? Yes in a diagnostic wave using temperature and a latent heat barrier
(described in Viterbo et al. 1999, see IFS documentation)

If all model soil layers are not initialized in the same way or from the same source,
please describe. The LDAS is active on the top 1m of soil moisture (the first 3 layers) and
the forth layer (1 to 2,89 m deep) is not initialised.

How is snow initialized in the forecasts? (climatology / realistic / other) realistic

If “realistic”, does the snow come from an analysis using the same LSM as is coupled
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to the GCM for forecasts, or another source? Please describe the process of soil
moisture initialization. LDAS-based (Optimal Interpolation) as used in all IFS forecast and
described here: https://software.ecmwf.int/wiki/display/LDAS/LDAS+Home

Is there horizontal and/or vertical interpolation of data onto the forecast model
grid? If so, please give original data resolution(s) horizontal interpolation

Are snow mass, snow depth or both initialized? What about snow age, albedo, or
other snow properties? Snow mass and snow temperature are initialized by the LDAS,
snow albedo and snow density are cycled from the model forecast (open loop).

How is soil temperature initialized in the forecasts? (climatology / realistic /
other) realistic

If “realistic”, does the soil moisture come from an analysis using the same LSM as is
coupled to the GCM for forecasts, or another source? Please describe the process of
soil moisture initialization. LDAS-based (Optimal Interpolation) as used in all IFS forecast
and described here: https://software.ecmwf.int/wiki/display/LDAS/LDAS+Home

Is the soil temperature initialized consistently with soil moisture (frozen soil water
where soil temperature <0°C) and snow cover (top layer soil temperature <0°C under
snow)? Both the top soil temperature and the snow temperature (if present) are initialized.

Is there horizontal and/or vertical interpolation of data onto the forecast model
grid? If so, please give original data resolution(s) horizontal interpolation

If all model soil layers are not initialized in the same way or from the same source,
please describe. Only the first soil layer temperature is initialized, the other layers are
cycled from the model forecast (open loop).

How are time-varying vegetation properties represented in the LSM? Is phenology
predicted by the LSM? If so, how is it initialized? No, a monthly climatology of
vegetation is used

If not, what is the source of vegetation parameters used by the LSM? Which time-
varying vegetation parameters are specified (e.g., LAl, greenness, vegetation cover
fraction) and how (e.g., near-real-time satellite observations? Mean annual cycle
climatology? Monthly, weekly or other interval?) Leaf Area Index and Albedo monthly
climatology both based on MODIS collection 5

What is the source of soil properties (texture, porosity, conductivity, etc.) used by the
LSM? FAO dominant soil texture class (as in Van Genuchten, 1980)

If the initialization of the LSM for re-forecasts deviates from the procedure for
forecasts, please describe the differences. The re-forecasts initialization is based on ERA-
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Interim and ERA-Interim/Land datasets, while the real-time forecasts are based on the IFS
operational initial conditions of the ENS/EDA systems.

4. Model Uncertainties perturbations:

Is model physics perturbed? If yes, briefly describe methods: Stochastic physics in the
atmosphere (SPPT and SKEB schemes).

Do all ensemble members use exactly the same model version? Same
Is model dynamics perturbed? No

Are the above model perturbations applied to the control forecast? No

5. Surface Boundary perturbations:

Perturbations to sea surface temperature? Yes (5-member ensemble of ocean
analyses/re-analyses)

Perturbation to soil moisture? Yes (EDA)

Perturbation to surface stress or roughness? No (generated by wave model)
Any other surface perturbation? No

Are the above surface perturbations applied to the Control forecast? NA

Additional comments

6. Other details of the models:

Description of model grid: Cubic octohedral grid

List of model levels in appropriate
coordinates:_http://www.ecmwf.int/en/forecasts/documentation-and-support/91-model-
levels

What kind of large scale dynamics is used? Spectral semi-lagrangian

What kind of boundary layer parameterization is used? Moist EDMF with
Klein/Hartmann stratus/shallow convection criteria

What kind of convective parameterization is used? Tiedtke 89, Bechtold et al 2004 (QJ)
What kind of large-scale precipitation scheme is used?
What cloud scheme is used? Tiedtke 91 prognostic cloud fraction

What kind of land-surface scheme is used? HTESSEL

How is radiation parametrized? CY43R10fficial IFS Documentation

Other relevant details?
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7. Re-forecast Configuration

Number of years covered: 20 past years
Produced on the fly or fix re-forecasts? On the fly

Frequency: Produced on the fly twice a week to calibrate the Monday and Thursday 00Z
real-time forecasts. The re-forecasts consists of a 11-member ensemble starting the same
day and month as the Thursday real-time forecasts for the past 20 years.

Ensemble size: 11 members

Initial conditions: ERA interim (T255L60) + Soil reanalysis (Tco639) + ORAS5 ocean initial
conditions (0.25 degree)

Is the model physics and resolution the same as for the real-time forecasts: Yes
If not, what are the differences: NA

Is the ensemble generation the same as for real-time forecasts? Yes. Except for EDA
perturbations which are taken from the most recent year.

If not, what are the differences: NA
Other relevant informations:

ECMWEF re-forecasts are produced on the fly. This means that every week a 2 new set of re-
forecasts are produce to calibrate the Monday and Thursday real-time ensemble forecasts
of the following week using the latest version of IFS. The ensemble re-forecasts consist of a
11-member ensemble starting the same day and month as a real-time forecast (Monday
and Thursday), but covering the past 20 years. For instance the first re-forecast set archived
in the S2S database with this new version of the ECMWF model was the re-forecast used to
calibrate the real-time forecast of 14 May 2015 (a Thursday). This set consisted of a 11-
member ensemble starting on 1st January 1995, 1st January 1996, ... 1st January 2014 (20
years, 11 member ensemble = 220-member climate ensemble). The re-forecast dataset is
therefore updated every week in the S2S archive.

The ECMWEF re-forecasts are archived in the S2S database using two dates: "date" and
"hdate" (see examples below): hdate is the actual date of the re-forecast (e.g. 19950101)
while date is the date of the real-time forecast (=ModelversionDate in grib2) associated to
the re-forecast (20150101). The reason we need 2 dates is because the ECMWF re-forecasts
are produced on the fly and we need to avoid the re-forecasts produced in the future years
to overwrite the re-forecasts currently produced. Therefore ModelversionDate allows us to
distinguish the re-forecasts produced in 2015 from those produced in 2016, 2017...

8. References:

Comprehensive description of the model physics: CY43R1 Official IFS Documentation

Description of the extended range
forecasts: http://www.ecmwf.int/en/forecasts/documentation-and-support/extended-
range-forecasts
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